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ABSTRACT 
	
METAGENOMIC AND TRANSCRIPTOMIC INSIGHTS  
INTO THE SKIN MICROBIOME AND HOST RESPONSE 
Jacquelyn S Meisel 
Elizabeth A Grice, PhD 
 
Culture-independent, high-throughput sequencing techniques have enabled us to 
characterize the complex communities of resident microorgansims living in and on our 
skin. These microbes contribute to cutaneous health, by providing colonization 
resistance and regulating immunity, however disruption of skin microbiota has been 
linked to diseases, like acne and atopic dermatitis. While the microbiome is a promising 
therapeutic target, we do not fully understand the mechanisms underlying the microbial 
contributions to disease pathogenesis. It is therefore crucial to develop comprehensive 
knowledge of both the structure of the skin microbiome and the host functions it 
stimulates. Here, we present a critical analysis of the composition and metabolic 
potential of healthy human skin microbiota and how these communities modulate the 
gene expression of their hosts. In the first section, we optimize methodologies for skin 
microbiome studies and utilize the best approaches to characterize the bacteria, viruses, 
and fungi colonizing healthy skin. We applied amplification and sequencing of two hyper 
variable regions of the 16S rRNA gene, in addition to whole metagenomic shotgun 
sequencing, to cutaneous swab samples from a healthy cohort. We demonstrate that 
shotgun sequencing yields the most accurate profiles of the skin microbiome, but that 
sequencing of the V1-V3 region of the 16S rRNA gene is a suitable, cost-effective 
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alternative. We also reveal significant taxonomic, functional, and temporal diversity of 
skin microbial communities and highlight potential multi-kingdom interactions between 
skin phages and their bacterial hosts. The second section focuses on the response of 
the cutaneous transcriptome to colonization by resident microflora. We used RNA 
sequencing to compare gene expression in skin collected from sterile, germ-free mice, 
and mice conventionally raised in the presence of microbiota. We find that the skin 
microbiome primes the cutaneous immune system, through increases in both frequency 
of innate immune cell populations and expression of immune response genes. We also 
reveal that the skin microbiome transcriptionally regulates epidermal development and 
differentiation, suggesting a novel role for microorganisms in skin barrier structure and 
function. Together, the work presented in this thesis highlights the complex dynamics of 
skin microbial communities and their impact on the host. 
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CHAPTER 1 – DYNAMICS OF THE SKIN MICROBIOME  
	
	
	
1.1 Introduction 
	
Our skin is home to topographically and temporally diverse communities of microbiota 
that contribute to cutaneous health and disease. Collectively referred to as the 
microbiome, these largely commensal populations of bacteria, fungi, viruses, and mites, 
complement the functions and diversity encoded within the human genome. With the 
advent of affordable next-generation DNA sequencing technologies, we are now able to 
characterize microbial samples in a high-throughput fashion. Such parallelized studies of 
resident skin microbes have made it increasingly apparent that the microbiome 
contributes to the pathogenesis of cutaneous disorders, like acne, psoriasis, and atopic 
dermatitis. This body of work seeks to better understand the composition and metabolic 
potential of the skin microbiome, as well as its impact on the host. In this first chapter, 
we outline the advances in genomic technologies driving cutaneous microbiome 
research and examine current knowledge of the microorganisms colonizing and 
interacting with the skin. 
 
 
2 
	
1.2 Genomic Approaches to Studying the Microbiome 
	
Microorganisms are all around us, and although they are invisible to the naked human 
eye, the scale of the microbial world is staggering. In fact, it is estimated that there are 
100 million times as many bacteria in the oceans as there are stars in the known 
universe (“Microbiology by numbers,” 2011). Recent estimates suggest that there are 1.3 
bacterial cells per human cell (Sender et al., 2016) and studies over the past several 
decades have established the importance of understanding the microbes living in and on 
our bodies. In 2001, Nobel laureate Joshua Lederberg coined the term microbiome “to 
signify the ecological community of commensal, symbiotic, and pathogenic 
microorganisms that literally share our body space and have been all but ignored as 
determinants of health and disease” (Lederberg and McCray, 2001).  
	
For over a hundred years, the gold standard techniques for classifying microbes relied 
on microscopic observation of cell morphology and the use of enrichment cultures. 
However, it was not long before scientists described what is known today as “The Great 
Plate Count Anomaly”; the large discrepancy between the numbers of bacterial cells 
viewed under the microscope and the numbers of colonies cultured on a petri dish 
(Staley and Konopka, 1985). In fact, a significant proportion of bacteria are considered 
“unculturable”, as they are unable to grow and survive in standard laboratory conditions. 
Today, microbiome studies utilize a combination of culturing and massively parallel 
sequencing technologies to characterize complex communities of microorganisms. Two 
widely employed sequencing strategies are metataxonomics and metagenomics. 
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1.2.1 Metataxonomic Methods Utilize Universal Marker Genes for Taxonomic 
Classification 
	
In 1977, Carl Woese and George Fox proposed using the small subunit ribosomal RNA 
(16S rRNA) gene as a molecular marker for determining evolutionary relationships 
between prokaryotic organisms (Woese and Fox, 1977). The 16S rRNA gene contains 
nine hyper-variable regions with sequence signatures that are unique to different 
bacterial species. Highly conserved stretches of nucleotide sequences flank these 
hyper-variable regions and serve as “universal” primer binding sites. Thus, we can 
taxonomically classify bacterial populations through isolation, PCR amplification, and 
sequencing of the 16S rRNA gene (Olsen et al., 1986). Fungal species can be similarly 
classified using tag sequencing of the 18S rRNA or internal transcribed spacer (ITS) 
regions, but viruses do not share a single marker gene suitable for community 
characterization.  
 
A typical microbiome experiment involves three main steps. First, a sample of the 
microbial community of interest is collected. Secondly, the sample is processed. This 
step includes DNA extraction, library preparation and sequencing. Finally, computational 
analysis is used to characterize the resulting sequences.  
 
Consistent sample collection is important for generating biologically meaningful datasets. 
In cutaneous studies, samples are typically collected by swabbing and/or scraping the 
skin or by punch biopsy. Although these three methods yield similar characterizations of 
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resident skin community structure and membership (Grice et al., 2008), standardized 
sampling within studies is essential. Processing and storage of samples is equally 
important and among other considerations, the temperature of storage and type of DNA 
extraction kit used can introduce technical variation that significantly impacts 
downstream analyses (Kong et al., 2017).  
 
Technical controls are essential for any microbiome experiment. This includes a 
negative control that is extracted alongside experimental samples and undergoes all the 
same processing procedures, from amplification to sequencing. Negative controls are 
especially important for low biomass samples, like those from the skin, lungs, or blood, 
where it is easy to amplify background in the reagents. A common list of reagent 
contaminants was identified in 2014 (Salter et al., 2014) and highlights the importance of 
collecting and sequencing controls with every experiment. Determining actual 
contaminants is difficult when taxa seen in the negative control are also heavily 
abundant in experimental samples. Although computational techniques can be used to 
predict which taxa are true contaminants (Bittinger et al., 2014), contamination detection 
and removal remains a difficult problem.  
 
An important positive control for microbiome studies is a mock community sample that 
contains defined amounts of known microbial DNA and thereby allows for estimation of 
sequencing error rates. Biological controls are equally important and heavily depend on 
the questions being asked. For instance, when characterizing skin disease states, a 
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good biological control might be a sample from healthy skin on the adjacent body site of 
the same individual.  
 
Interest in the microbiome has surged over the past decade, driven partly by advances 
in DNA sequencing. Compared to the previously used fingerprinting and Sanger 
sequencing techniques, next-generation approaches allow for rapid sequencing at 
decreased costs. A single run on the popular Illumina MiSeq benchtop sequencer can 
generate up to 50 million reads in less than three days for only a few thousand dollars. 
By incorporating sample-specific barcodes into the 5’ primer sequences, hundreds of 
samples can be incorporated into each run. Although these high-throughput platforms 
substantially increase the number of reads obtained per sample, they typically generate 
shorter read lengths with decreased taxonomic precision beyond the genus level. One 
way to reduce this problem is to sequence reads bi-directionally and merge the resulting 
paired-end reads into a single, longer read.  
 
After sequencing, reads are de-multiplexed into sample-specific sequences and low 
quality sequences are filtered from the dataset. Downstream analysis is commonly 
performed using open-source software packages, such as mothur (Schloss et al., 2009) 
and QIIME (Caporaso et al., 2010). These programs provide scripts for grouping highly 
similar sequences into operational taxonomic units (OTUs), assigning taxonomy, 
calculating within (alpha) and between sample (beta) diversity metrics, and identifying 
significant associations between taxa and sample metadata. Metataxonomic approaches 
are suitable for profiling bacterial composition and diversity, however they are unable to 
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identify non-prokaryotic elements of the microbiome and amplification bias introduced by 
PCR primers or conditions could affect the accuracy of results. 
 
1.2.2 Metagenomic Analyses Capture Both Taxonomic and Functional Diversity 
 
Rather than focusing on a single marker gene, whole-genome metagenomic shotgun 
(WMS) analysis sequences all DNA from a community sample. This tactic eliminates 
PCR bias, captures strain-level resolution of bacterial, fugal, and viral communities, and 
provides insight into microbial metabolic potential. Similar to amplicon-based techniques, 
metagenomic strategies involve massively parallelized sequencing of multiplexed, 
paired-end libraries. In addition to low-quality reads, contaminating human DNA 
sequences must be removed from WMS datasets. Advanced library preparation 
techniques utilizing ultra small amounts of input DNA (Parkinson et al., 2012) have 
facilitated metagenome studies of low bio-burden environments, like the skin (Oh et al., 
2014). 
 
Computational analysis for metagenomic samples is less standardized than 
corresponding techniques for 16S datasets. Many different tools exist for characterizing 
the taxonomic composition of WMS data, including MetaPhlAn (Segata et al., 2012), 
which uses a database of clade-specific marker genes for assignment, and MEGAN 
(Huson et al., 2007), which applies a lowest common ancestor algorithm to BLAST hits 
against microbial reference genomes. Overlapping reads can also be assembled into 
longer contigs, using programs like IDBA-UD (Peng et al., 2012) and Ray Meta (Boisvert 
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et al., 2012). Metagenome assembly is especially challenging because of the uneven 
representation of different species in the samples, the similarity of genomes from closely 
related strains that may have acquired mobile genetic elements and/or point mutations, 
and the prevalence of repeat regions (Ghurye et al., 2016). Accurate assembly is 
important because it not only helps with gene prediction and functional annotation, but 
also allows for construction of genomes that are not currently in our reference 
databases.  
 
1.2.3 The Human Microbiome is a Composite of Site-Specific Microbiomes 
 
The NIH funded the Human Microbiome Project in 2007. One of its main objectives was 
to characterize the human adult microbiome in health and disease (The NIH HMP 
Working Group et al., 2009). In the first phase of the project, they sequenced samples 
from 242 volunteers at 18 sites from four main body areas: the gastrointestinal tract, the 
oral cavity, the skin, and the urogenital tract (Human Microbiome Project, 2012a). They 
saw that intrapersonal variation between body sites of the same subject was greater 
than interpersonal variation and that metabolic pathways were more stable across 
individuals and body sites than taxonomic profiles (Human Microbiome Project, 2012b). 
For each of the aforementioned body environments, individual studies have associated 
microbial taxa with various states of human disease; the gut microbiome has been linked 
to cancer (Castellarin et al., 2012; Kostic et al., 2013; 2012; Rubinstein et al., 2013) and 
obesity (Ridaura et al., 2013; Turnbaugh et al., 2006), oral cavity bacteria influence 
dental caries and periodontitis (Belda-Ferre et al., 2012), skin microbes contribute to 
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acne (Fitz-Gibbon et al., 2013), atopic dermatitis (Kennedy et al., 2016; Kobayashi et al., 
2015; Kong et al., 2012), and psoriasis (Alekseyenko et al., 2013), and vaginal microbial 
communities are strongly connected to bacterial vaginosis (Ravel et al., 2013; Srinivasan 
et al., 2010).  
 
1.3 The Cutaneous Environment Helps Shape the Skin Microbiome 
 
Our skin serves as both a physical and immunological barrier to our external 
environment and is composed of two layers, each contributing to different cutaneous 
functions. The dermis, a thick layer of fibrous, elastic tissue, provides structural support, 
while the relatively thin epidermis is the outermost layer of skin and is composed mainly 
of keratinocytes. Keratinocytes are the primary cells in contact with skin microbiota, but it 
has recently been suggested that bacterial communities also exist in the dermis 
(Nakatsuji et al., 2013).	Although our skin covers about two square meters of surface 
area (Mosteller, 1987), it is estimated that if you include the interfollicular epithelial 
surface, there is 25 square meters of skin surface available for microbiota to reside and 
interact (Gallo, 2017).  
 
Our skin microbiota is shaped at birth, and there are significant differences in the 
microbiomes of babies delivered via the vaginal canal to those born by caesarean 
section (Dominguez-Bello and Costello, 2010). Although epidemiological studies suggest 
that children born by cesarean section are at greater risk of developing immune 
diseases late in life, the long-term impacts of these microbial differences remain unclear 
(Cho and Norman, 2013). Furthermore, cutaneous microbial communities undergo 
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significant changes as we age. The skin microbiome of younger children was 
dramatically different from those in adults, but shifted towards a more adult-like profile in 
late puberty (Oh et al., 2012). The cutaneous microbiome in the elderly is less well 
studied.  
 
The skin contains multiple microenvironments that are characterized by differences in 
environmental exposure, hair density, and sweat and sebum production. Environmental 
exposure can de dictated by biological occlusion, including folds and invaginations like 
the belly button, or external obstruction from clothing. Eccrine sweat glands, found 
throughout the body, secrete a solution of mostly water and sodium-chloride, 
contributing to body temperature regulation. In contrast, apocrine glands are limited to 
certain regions of the body, like the axilla, and become active during puberty. Bacteria 
on the skin metabolize the unscented apocrine secretions, generating body odor 
(Decreau et al., 2003; Emter and Natsch, 2008; Martin et al., 2010; Natsch et al., 2003). 
Sebaceous glands produce sebum, an oily substance that contributes to the 
waterproofing of skin, and are found throughout the body, except for the palms and soles 
of the feet. Unsurprisingly, the properties of these distinct microenvironments influence 
which microbes survive in each habitat. Oily sites characterized by increased amounts of 
sebum, such as the forehead and back, are typically dominated by lipophilic microbes, 
like Propionibacterium species, whereas moister, occluded sites, such as the axilla and 
umbilicus, contain species that thrive in higher temperatures and humidity (Roth and 
James, 1988).  
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Initial sequencing studies of the skin microbiome saw greater bacterial diversity than 
previous culture-based approaches and observed strong microenvironment differences 
(Costello et al., 2009; Grice et al., 2009). In contrast, fungal skin communities across the 
human body are generally dominated by Malassezia, with the exception of the plantar 
heel, toenail, and toeweb, which harbor significantly greater diversity (Findley et al., 
2013). Metagenomic analysis revealed that skin biogeography also shapes microbial 
metabolic diversity and provided additional insight into strain-level variation of the 
common commensals, Propionibacterium acnes and Staphylococcus epidermidis (Oh et 
al., 2014). In general, P. acnes strains were more individual than site-specific, while the 
opposite was true for S. epidermidis strains. Resident skin populations are relatively 
stable for up to two years, although this stability is dependent on both the site and 
individual sampled (Oh et al., 2016). In addition to site microenvironment, factors, such 
as sex, age and lifestyle may also contribute to intra- and inter-personal differences in 
the skin microbiome (SanMiguel and Grice, 2014).  
 
Many dermatological diseases have been linked to an imbalance in skin microbial 
communities and/or the host inflammatory and immune response. For instance, certain 
strains of Propionibacterium acnes are associated with acne vulgaris and contain 
virulence factors that may contribute to disease pathogenicity (Fitz-Gibbon et al., 2013). 
Additionally, atopic dermatitis, a chronic inflammatory skin disease, is characterized by 
flares that are heavily colonized with Staphylococcus aureus (Kong et al., 2012). Skin 
bacteria and fungi have also been associated with healing time of chronic wounds, like 
diabetic foot ulcers (Gardner et al., 2013; Kalan et al., 2016; Loesche et al., 2017). 
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1.4 Microbiota Interact with their Hosts 
	
In order to fully utilize the therapeutic potential of the microbiome, we must first better 
understand the interchanges between microbial populations and their hosts. Germ-free 
(GF) mice, which are born by hysterectomy re-derivation and maintained in sterile 
conditions, provide a powerful tool for studying the impact of bacterial strains and/or 
communities on the host. These mice can be compared to conventionally raised, 
specific-pathogen free (SPF) mice, which are colonized with microorganisms but 
screened for the presence of pathogens, or conventionalized mice, that are born GF and 
subsequently exposed to microbiota, typically through co-housing or shared bedding. 
Although GF animals are viable, they are developmentally and physiologically different 
from SPF mice in many aspects, including their nutritional needs, metabolic rate, 
intestinal morphology and physiology, and more (Al-Asmakh and Zadjali, 2015). Despite 
these differences, they remain valuable tools for elucidating host-microbiome 
interactions. 
 
Germ-free mouse studies of the gut microbiome have produced strong evidence for 
transcriptional modulation by microbial communities. For instance, genes involved in 
nutrient absorption, mucosal barrier fortification, xenobiotic metabolism, angiogenesis, 
and postnatal intestinal maturation were found to be differentially expressed in GF mice 
compared to GF mice colonized with a commensal gut Bacteroides species (Hooper et 
al., 2001). While other members of the gut microbiota could also elicit a few of these 
host responses, some responses were specific to the species used for colonization. 
Additionally, a study looking at antibiotic-induced alterations in gene expression of the 
12 
	
gut found that normal microbiota depletion led to down regulation of innate and adaptive 
immunity (Morgun et al., 2015). Finally, Bacteroides thetaiotaomicron and Bacteroides 
fragilis species were shown to impact the antitumor effects of CTLA-4 blockade 
treatments in cancer patients, highlighting the importance of considering the microbiome 
and its modulation of host gene expression in therapeutic design (Vétizou et al., 2015).  
 
Research regarding how skin microbes interact with their host has focused heavily on 
the immune response. It has been shown that tolerance to skin commensal bacteria is 
established in neonatal life and is mediated by regulatory T cells (Scharschmidt et al., 
2015). Furthermore, the accumulation of these regulatory T cells in neonatal skin is 
driven not only by microbial colonization, but also by hair follicle morphogenesis and 
local chemokine production (Scharschmidt et al., 2017). The IL1 pathway has been 
shown to play a role in cutaneous T cell immunity (Naik et al., 2012) and skin-resident 
dendritic cells prime T cell responses in a commensal specific fashion (Naik et al., 2015). 
Wound healing in GF mice, compared to conventional mice, is accelerated and scarless, 
due in part to lower neutrophil recruitment and increased expression of alternatively 
activated macrophage genes (Canesso et al., 2014). Moreover, mice colonized with 
commensal microbiota have higher cutaneous expression of complement genes than 
their GF counterparts (Chehoud et al., 2013). These studies and others have outlined 
ways in which commensal microbes shape cutaneous immunity, but the full range of 
host functions elicited and/or mediated by the microbiome is not yet understood. 
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1.5 Motivation of Thesis Work and Outline 
	
Through rapid advances in DNA sequencing technologies and computational analyses, 
our knowledge of the skin microbiome has drastically improved. However, many 
questions remain regarding the mechanisms essential to the maintenance of and 
modulation by these microbiota. In order to comprehensively study the multi-faceted 
dynamics of healthy skin microbial populations and their influence on the host, this work 
focuses on three main questions. First, how do we best characterize resident skin 
communities? In Chapter 2, we compare three common sequencing strategies and 
present compelling evidence against using one of them for skin-specific studies. Second, 
how are these multi-kingdom communities interacting? Chapter 3 describes bacterial, 
fungal, and viral communities on healthy skin. We used correlation network analysis and 
identification of clustered regularly interspaced short palindromic repeat (CRISPR) 
elements from metagenomic sequencing data to highlight interactions between skin 
phages and their bacterial hosts. Finally, how does the host respond to the resident 
microbiota? Our study of the cutaneous transcriptome in Chapter 4 suggests that 
commensal microbes regulate gene expression and control a wide range of functions in 
the skin, including the immune response and epidermal barrier function. Together, this 
thesis provides novel insights into the structure and function of the skin microbiome and 
sets a framework for future investigations. 
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CHAPTER 2 – SKIN MICROBIOME SURVEYS ARE STRONGLY 
INFLUENCED BY EXPERIMENTAL DESIGN 
 
The contents of this chapter have been published in: 
 
 
Meisel JS, Hannigan GD, Tyldsley AS, SanMiguel AJ, Hodkinson BP, Zheng Q, 
Grice EA (2016). Skin microbiome surveys are strongly influenced by 
experimental design. Journal of Investigative Dermatology, 136(5). 
http://dx.doi.org/10.1016/j.jid.2016.01.016. 
 
2.1 Abstract 
	
Culture-independent studies to characterize skin microbiota are increasingly common, 
due in part to affordable and accessible sequencing and analysis platforms. Compared 
to culture-based techniques, DNA sequencing of the bacterial 16S ribosomal RNA 
(rRNA) gene or whole metagenome shotgun (WMS) sequencing provide more precise 
microbial community characterizations. Most widely used protocols were developed to 
characterize microbiota of other habitats (i.e. gastrointestinal), and have not been 
systematically compared for their utility in skin microbiome surveys. Here we establish a 
resource for the cutaneous research community to guide experimental design in 
characterizing skin microbiota. We compare two widely sequenced regions of the 16S 
rRNA gene to WMS sequencing for recapitulating skin microbiome community 
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composition, diversity, and genetic functional enrichment. We show that WMS 
sequencing most accurately recapitulates microbial communities, but sequencing of 
hypervariable regions 1-3 of the 16S rRNA gene provides highly similar results. 
Sequencing of hypervariable region 4 poorly captures skin commensal microbiota, 
especially Propionibacterium. WMS sequencing, which is resource- and cost-intensive, 
provides evidence of a community’s functional potential; however, metagenome 
predictions based on 16S rRNA sequence tags closely approximate WMS genetic 
functional profiles. This study highlights the importance of experimental design for 
downstream results in skin microbiome surveys.  
	
2.2 Introduction 
 
Research devoted to the skin microbiome has surged in the past decade, due in large 
part to accessible, affordable high throughput DNA sequencing technology and the 
realization that the microbiome may modulate the pathogenesis of many cutaneous 
disorders. The majority of protocols for characterizing microbial communities were 
initially developed and optimized to survey the gastrointestinal tract or the environment, 
niches that harbor distinct sets of microbiota compared to the skin. A standardized 
methodology for skin microbiome studies is lacking, though these protocols are often 
pivotal to their outcome (Guo et al. 2013; Nelson et al. 2014; Albertsen et al. 2015). 
 
A common approach to characterize cutaneous microbial communities relies upon 
amplification, sequencing, and analysis of the prokaryotic 16S ribosomal RNA (rRNA) 
gene. This approach has been employed in multiple studies of skin bacterial 
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communities and their association with health and disease (Hannigan and Grice 2013). 
Initial studies utilized full-length 16S rRNA gene sequences (~1500 kb) generated by 
Sanger sequencing methods. Next-generation sequencing platforms that allow for vastly 
increased sequencing depth at a fraction of the cost generate shorter read lengths, 
making it impractical to sequence the full-length gene. Therefore, one or more 
hypervariable regions, or 16S tags, are selected for sequencing as a proxy for the full-
length gene. No single hypervariable region is able to distinguish amongst all bacteria 
and primer biases may differentially affect amplification efficiency of different types of 
bacteria. However, specific regions may be optimal for capturing the diversity and 
composition of different ecosystems.  
 
More recently, whole metagenomic shotgun (WMS) sequencing has been employed for 
both taxonomic and functional annotation of skin microbial communities (Human 
Microbiome Project 2012b; Oh et al. 2014; Hannigan et al. 2015). This approach 
reduces amplification bias, captures multi-kingdom communities, and allows for strain-
level analysis. WMS datasets, although information rich, are more expensive to generate 
and require greater computational knowledge and resources to store, process, and 
analyze. Although gene content can be extracted from WMS data to provide insight into 
functional processes of the microbial community, bioinformatic tools now exist to predict 
functional content from 16S tag sequences (Langille et al. 2013) and in some cases may 
be superior to WMS sequencing for microbial community classification (Xu et al. 2014).  
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Here we present a comparison of experimental strategies to identify optimal parameters 
for capturing the composition, diversity, and genetic content of the cutaneous 
microbiome. We applied 16S rRNA tag sequencing to cutaneous swabs and a publicly 
available mock community control of 20 bacterial species in known concentration. We 
sequenced two 16S tag regions commonly utilized in microbiome studies, including 
hypervariable regions 1-3 (V1-V3), and region 4 (V4) (Caporaso et al. 2011) to compare 
their utility in accurately characterizing skin microbiota diversity and composition. 
Additionally, we performed WMS sequencing on the same swab samples and controls to 
identify any additional utility of WMS sequencing over 16S tag sequencing for 
characterizing skin microbiota and identifying genetic functional enrichment.  
 
2.3 Results 
	
2.3.1 Sampling, sequencing, and quality control  
	
Sixty-two cutaneous skin swabs were collected from nine healthy volunteers (for cohort 
characteristics, see Supplementary Table 1). Sampled skin sites consisted of diverse 
microenvironments with respect to moisture (sweat) and sebum: sebaceous 
(retroauricular crease [Ra], occiput [Oc], and forehead [Fh]), moist (toe web [Tw] and 
umbilicus [Um]), and intermittently moist (antecubital fossa [Ac] and palm [Pa]) (Fig 1A).  
 
Whole genomic DNA was extracted from the swab samples and subjected to 
microbiome profiling using three different approaches: (i) V1-V3 tag sequencing; (ii) V4 
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tag sequencing; and (iii) WMS sequencing  (Fig 1B,C). V1-V3 tag sequencing was 
employed by the Human Microbiome Project (Human Microbiome Project 2012a; 2012b; 
Aagaard et al. 2013). The V4 region was used in the Earth Microbiome Project (Gilbert 
et al. 2014) and is widely utilized to characterize microbiota of other body habitats. We 
did not include regions further 3’ in the 16S rRNA gene, as these have been 
documented to generally perform less well for a variety of analyses (Wu et al. 2010; 
Conlan et al. 2012; Jumpstart Consortium Human Microbiome Project Data Generation 
Working 2012) and/or are not widely employed for the characterization of microbial 
communities. All sequencing was performed on either the Illumina MiSeq or HiSeq 2500 
platforms. A publicly available mock community control (MCC) was sequenced in parallel 
with the skin samples.  
 
The V1-V3 dataset contained 2,124,836 total high quality sequence reads, with a 
median of 24,891 sequence reads per sample. The V4 dataset contained 5,328,215 total 
high quality sequence reads, with a median of 77,928 sequence reads per sample. The 
WMS dataset contained 81,553,035 total high quality sequence reads, with a median of 
1,233,172 sequence reads per sample (for per sample sequence counts, see 
Supplementary Table 2). 
 
2.3.2 Skin bacterial community composition varies by sequencing technique 
	
We compared each sequencing method to determine how well they recapitulated the 
taxonomic relative abundance of the MCC, which contained 100,000 rRNA operon 
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copies per organism per microliter. Therefore, each of the 20 species contained in the 
MCC should account for 5% of the community by 16S tag sequencing. For WMS 
sequencing, expected MCC abundances must take into account the concentration of the 
input DNA. We first mapped our sequences to the expected MCC species to identify 
community composition (Fig 2A). Hierarchical clustering of taxonomic profiles indicated 
that WMS provided a close approximation of the MCC (Fig 2A). V1-V3 tag sequencing 
provided the best proxy for 16S-based profiling, while V4 tag sequencing severely 
underrepresented Staphylococcus epidermidis and Propionibacterium acnes and 
overrepresented Staphylococcus aureus. When using OTU-based methods to 
characterize the MCC, similar trends were observed, however, V1-V3 was unable to 
classify all taxa to the genus level (Fig S1).  
 
Propionibacterium (including P. acnes), Staphylococcus (including S. epidermidis and S. 
hominis), and Corynebacterium were the dominant bacterial genera on healthy human 
skin (Fig 2B; Fig S2). The most notable observation was that Propionibacterium was 
vastly underrepresented in the V4 dataset. We employed basic linear regression 
analysis to correlate the relative abundance of three prominent skin bacteria in V1-V3 
and V4 datasets compared to their relative abundance in the WMS dataset, which fairly 
accurately recapitulated the composition of the MCC (Fig S3). The relative abundances 
represented by the V1-V3 dataset had much higher positive correlations to WMS relative 
abundances than were observed with the V4 dataset for Propionibacterium (R2 = 0.931 
vs. 0.499), Staphylococcus (R2=0.736 vs. 0.153) and Corynebacterium (R2=0.789 vs. 
0.281). These data indicate that V4 representations of skin microbiome composition are 
32 
	
severely biased against bacteria that are present in great prevalence and abundance on 
the human skin. 
 
Hierarchical clustering revealed that this bias was not equal across all 
microenvironments. Intermittently moist and sebaceous samples from the V1-V3 and 
WMS datasets cluster together, but V4 were less similar (Fig S4). This clustering 
appears to be driven largely by underrepresentation of Propionibacterium in V4 tags. 
Moist sites were most taxonomically similar across all sequencing methods and 
clustered together regardless of method.  
	
2.3.3 Staphylococcus species level classification in 16S datasets is enabled by 
phylogenetic placement algorithms 
	
A trade-off when using cost-effective next-generation sequencing is the short read 
lengths that these platforms generate, presenting a challenge for accurate genus-, 
species- and strain-level classification. Using OTU-based methods, both V1-V3 and V4 
tag sequencing only accurately identified only 25% and 15% of the species in the MCC, 
respectively (Fig S5A). Moreover, only 13.7% of the V1-V3 and 7.6% of the V4 OTUs 
were classified to the species level in the cutaneous swab samples (Fig 3A).  
 
Species-level resolution of skin microbiota is especially important when trying to 
differentiate between commensals (i.e. S. epidermidis) and pathogens (i.e. S. aureus). 
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Using the RDP classifier in QIIME (Quantitative Insights into Microbial Ecology), we were 
unable to speciate Staphylococcus in the V4 samples and only identified S. epidermidis 
in the V1-V3 samples (Fig 3B), despite evidence that additional Staphylococcus species 
live on the skin (Fig 3C). An approach to improve taxonomic resolution of 16S rRNA tag 
sequence data is to use phylogenetic information. We attempted to classify 
Staphylococcus species in the 16S datasets by using pplacer (Matsen et al. 2010), an 
algorithm that uses maximum likelihood criteria to place sequences on a fixed 
phylogenetic reference tree.  
 
WMS accurately identified the two Staphylococcus species, S. epidermidis and S. 
aureus, in the MCC (Fig S5B). Only 11% and <1% of Staphylococcus sequences using 
V1-V3 and V4 tags, respectively, were classifiable at the species-level using pplacer 
(Fig S5B). The pplacer classification of V1-V3 tags identified the correct species but 
overrepresented the relative abundance of S. epidermidis. V4 tag species-level 
classification identified S. aureus but also falsely identified S. hominis and S. 
haemolyticus. 
 
The pplacer analysis of the skin swabs revealed agreement between the V1-V3 and 
WMS datasets, but not the V4 dataset. WMS identified the predominant Staphylococcus 
species to be S. epidermidis, S. hominis, and S. capitis (Fig 3C). Of the sequences 
identified as Staphylococcus at the genus level in the V1-V3 dataset, 59% were 
classified at the species level. S. epidermidis and S. hominis were identified, but S. 
capitis was absent (Fig 3D). Less than 1% of the V4 Staphylococcus sequences were 
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classified by pplacer, and they were predominantly characterized as S. aureus and S. 
haemolyticus (Fig 3E).  
 
 2.3.4 Computationally predicted versus observed functional profiles 
	
A perceived advantage of WMS approaches for skin microbiome studies is the functional 
insight gained through analysis of genetic enrichment. However, functional genetic 
profiles can be predicted from 16S rRNA sequences with the program PICRUSt 
(Phylotypic Investigation of Communities by Reconstructions of Unobserved States) 
(Langille et al. 2013), which uses reference genomes to infer a composite metagenome 
and predict abundance of gene families. Therefore, we compared functional genetic 
profiles obtained by WMS to PICRUSt-predicted functional genetic profiles of V4 and V1-
V3 tag sequence datasets. 
 
Functional enrichment analysis of the MCC identified variation in KEGG (Kyoto 
Encyclopedia of Genes and Genomes) Pathway enrichment by sequencing technique 
(Fig S6A), but did not reveal significant differences in Shannon Diversity (Fig S6B). 
Notably, several metabolic pathways, including “metabolism of cofactors and vitamins” 
and “carbohydrate metabolism” were more abundant, and “energy metabolism” and 
“biosynthesis of other secondary metabolites” were less abundant in the WMS dataset 
than in metagenomes predicted from 16S tag sequence data. Functional profiles of each 
skin swab generated from the WMS dataset also differed compositionally from their 
matched V1-V3 and V4 predicted metagenomes. We focused on the 102 pathways 
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identified across all datasets, in at least 4 samples, and at greater than 0.5% 
abundance. We grouped these pathways into 28 higher-level KEGG categories, 21 of 
which were shared in all datasets and significantly differentially enriched between either 
of the 16S and the WMS datasets (Fig 4A, FDR corrected paired Wilcoxon test, p< 
0.05). The KEGG category “xenobiotics biodegradation and metabolism” was enriched in 
both 16S-predicted functional profiles (Fig 4B), with the greatest differences observed in 
pathway ko00930 (“Caprolactam degradation”). Conversely, the “translation” category 
was more prominent in the WMS dataset, with significant differences in ribosomal 
(ko03008, ko03010) and tRNA (ko00970) pathways (Fig 4B). Several KEGG categories 
also differed between V1-V3 and V4 sequencing techniques, including “glycan 
biosynthesis and metabolism”, which is significantly different between the V4 and WMS 
datasets, but not the V1-V3 and WMS datasets (Fig 4B). Despite these observed 
differences, Spearman correlations revealed strong trends between the mean relative 
abundances of higher-level KEGG pathways in the predicted functional profiles 
compared to the WMS dataset across all body sites sampled (Fig S7). 
	
2.3.5 Diversity trends are dependent on methodology 
 
We estimated and compared taxonomic alpha diversity of skin bacterial communities 
using the Shannon diversity index, which takes into account both the total number of 
species in the community (richness) and the evenness of the species present. All three 
sequencing approaches identified sebaceous sites as the least diverse and significantly 
less diverse than intermittently moist sites (Fig 5A; p < 0.05 Kruskal and Multiple 
Comparison Post Hoc Test). Whereas V1-V3 and WMS sequencing identified significant 
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diversity trends between moist and sebaceous sites, V4 tag sequencing did not. 
Alternatively, V4 found intermittently moist sites to be significantly more diverse than 
moist sites, a trend that was not confirmed by the other methods. 
 
Cutaneous functional diversity, calculated based on predicted gene functions, has 
previously been shown to vary by biogeography (Oh et al. 2014). However, we identified 
conflicting trends in the skin microbiome based on the microenvironment of the site 
sampled. Both V4 and V1-V3 tags identified significant differences dependent on 
microenvironment that were not found in the WMS sequencing dataset (Fig 5B; p < 0.05 
Kruskal and Multiple Comparison Post Hoc Test). 
 
We also compared beta diversity, or bacterial community structure, as recapitulated by 
V1-V3 and V4 tag sequencing. We applied Procrustes analysis to Bray-Curtis 
dissimilarity matrices in order to determine whether the use of different 16S rRNA 
sequence tags would derive similar beta diversity conclusions. Although significant, 
Procrustes analysis showed very weak congruence between the datasets (Fig 5C; m12 
squared = 0.6338, p = 0.0001).  
 
2.4 Discussion 
	
As microbiome sequencing surveys become increasingly common, effective study 
design is crucial for the development of meaningful datasets. We make the following 
recommendations for studying skin microbiota from swab samples: i) Regarding 
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choosing a 16S rRNA gene amplicon, the V1-V3 region provides more accurate 
assessments of human skin microbiota compared to the V4 region. ii) WMS sequencing 
is superior for species-level taxonomic classification, and previous reports have 
demonstrated the utility in strain-level analysis and capturing non-prokaryotic elements 
of the skin microbiome (Oh et al. 2014). However, V1-V3 tags provide reasonable 
proxies for taxonomic composition and diversity at a much lower cost and effort. The 
goal of the experiment should be carefully considered in addition to available resources 
for generating and analyzing the resulting datasets. iii) Functional genetic predictions 
based on 16S rRNA tags are remarkably similar to those provided by WMS sequencing, 
and may in some cases provide a reasonable estimate of functional enrichment when 
the expertise and/or resources are not available to perform WMS. However, owing to 
strain variability and widespread horizontal gene transfer between bacteria, results of 
predictive analyses should be interpreted with caution. Predictive analyses are also 
limited in their ability to identify antibiotic resistance and virulence genes that may be of 
interest and could be inferred from WMS sequencing.  
 
Primers amplifying the V4 variable region, as used here, were not able to recover 
Propionibacterium or reliably speciate Staphylococcus. This is not unexpected since the 
V4 hypervariable region is much shorter than the V1-V3 region and has a higher degree 
of sequence conservation (Chakravorty et al. 2007). A separate study also remarked on 
the absence of Propionibacterium in V4 libraries, suggesting that a single nucleotide 
difference between the 515F forward primer and annealing site in the P. acnes 16S 
rRNA gene may impair detection (Nelson et al. 2014). Our findings underscore the 
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importance of thoroughly vetting primers for their ability to capture microbiota of 
importance to the skin habitat.  
 
A recent study noted that biogeography of the skin, as well as individuality, shaped strain 
level cutaneous diversity (Oh et al. 2014). P. acnes were also found to be differentially 
associated with acne (Fitz-Gibbon et al. 2013). Speciation and strain level identification 
of microbiota may be important if the ultimate goal is to identify a putative causal 
microbe/microbiota for downstream studies to examine mechanism. We noted that the 
V1-V3 region was able to speciate the majority of Staphylococcus sequences based on 
phylogenetic placement against a curated reference database of Staphylococcus 
species. However, WMS sequencing would be a superior approach if one wished to 
identify overall strain level variability and/or did not have access to a reliable curated 
reference database for their genus or species of choice.  
 
Based on the striking differences in taxonomic composition of the datasets, the strong 
correlations of KEGG pathway abundance across sequencing methods is surprising, but 
may indicate shared functionality among different microorganisms in cutaneous 
communities. A question that remains is whether functional units provide additional 
insight and are more effective at characterizing microbiome datasets than the taxonomic 
units currently in use. Xu et al. (2014) found that taxonomic profiles are better at 
classifying samples into biologically meaningful categories. However, this may change 
with technological advances, including improvement in predictive tools and database 
annotations.  
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Although our study focused on the effect of primer selection and sequencing approach, 
there are many other factors to consider when designing a skin microbiome survey. 
First, the sample collection technique should be consistent throughout the entire study. 
Here, we used a skin swab method that is minimally invasive. Other studies have 
reported the utility of deeper sampling of the skin layers (Nakatsuji et al. 2013). The 
utility of these sampling methods for WMS sequencing, however, is probably limited 
because the amount of human DNA present in these samples would greatly overwhelm 
the microbial DNA present.   
 
Second, studies investigating low-biomass sites, such as the skin, must also take 
sequencing depth into account and employ appropriate controls (Salter et al. 2014). 
Controls accounting for reagent contamination are critical for interpreting results. We 
recommend eliminating potential contaminants wherever possible during sample 
preparation by purchasing high quality, ultra-pure, DNA-free reagents, treating 
equipment and reagents with UV, and performing all experiments in a hood. 
 
Third, computational analysis and selection of variables, such as OTU picking method 
and alpha diversity metric, can greatly impact the interpretation of results. We employed 
default and commonly used variables, when possible, to make the analysis widely 
applicable.  
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Finally, we did not obtain cultures in parallel to collecting skin swabs for microbiome 
analysis to compare our results. Although it would be a point of interest to compare 
cultures to 16S tag sequencing for deciphering community composition, we expect that, 
as reported previously in several examples (Findley et al. 2013; Gardner et al. 2013) 
cultures would greatly underestimate the diversity and composition of the skin 
microbiota.  
 
Overall, our comparison of three different DNA sequencing methods indicates that 16S 
tag sequencing of the V1-V3 region is a reasonable, cost-effective approach to simply 
profiling the composition of a skin microbial community or identifying biomarkers 
associated with skin disease.  
	
2.5 Materials & Methods 
	
2.5.1 Sample collection 
	
The University of Pennsylvania Internal Review Board approved all human subject 
recruitment and sample collection. Healthy adult human volunteers residing in 
Philadelphia, PA and surrounding areas, were recruited to provide cutaneous swabs.  
Sample collection was performed following written, informed consent by the subject. 
Exclusion criteria included self-reported antibiotic treatment (oral or systemic) 6 months 
before enrollment, observable dermatologic diseases, and significant comorbidities 
including HIV or other immunocompromised states. Subjects were instructed to avoid 
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hand sanitizers and antimicrobial soaps and skincare products for 1 week prior to 
sample collection appointment. Subjects were also instructed not to shower for 24 hours 
prior to sample collection appointment. Cutaneous swabs (Epicentre, Madison, WI) were 
collected as described previously (Grice et al. 2009) and stored in 300µL yeast cell lysis 
solution (from Epicentre MasterPure Yeast DNA Purification kit) at -20°C immediately 
after collection. Swabs were incubated for 1 hour at 37°C with shaking and 10,000 units 
of ReadyLyse Lysozyme solution (Epicentre). Samples were subjected to bead beating 
for ten minutes at maximum speed on a vortex mixer with 0.5 mm glass beads (MoBio, 
Carlsbad, CA), followed by a 30 minute incubation at 65°C with shaking. As previously 
described (Gardner et al. 2013), protein precipitation reagent (Epicentre) was added and 
samples were spun at maximum speed. The supernatant was removed, mixed with 
isopropanol and applied to a column from the PureLink Genomic DNA Mini Kit 
(Invitrogen, Carlsbad, CA). Instructions for the Invitrogen PureLink kit were followed 
exactly, and DNA was eluted in 50 mL of elution buffer (Invitrogen).  At each sampling 
event, swab control samples that never came into contact with the skin were collected, 
prepared and sequenced exactly as the experimental samples. No significant 
background contamination from either reagents and/or collection procedures was 
recovered. 
 
2.5.2 16S rRNA sequencing, sequence processing, and analysis 
	
Sequencing libraries were prepared using the Invitrogen Accuprime for PCR, the 
AMPure kit (Beckman Coulter, Brea, CA) for PCR product cleanup and normalization, 
and the Qiagen (Valencia, CA) MinElute column for pooled PCR product purification. 
42 
	
Sequencing was performed at the Penn Next Generation Sequencing Core on the 
Illumina MiSeq. The mock community control (MCC; obtained from BEI Resources, 
NIAID, NIH as part of the Human Microbiome Project: Genomic DNA from Microbial 
Mock Community B [Even, Low Concentration], v5.1L, for 16S rRNA Gene Sequencing, 
HM-782D) was sequenced in parallel with experimental samples. Sequencing of the V4 
region was performed using 150 bp paired-end chemistry and reads between 248 and 
255 nucleotides long were retained for analysis (99.58% of total sequences). 
Sequencing of the V1-V3 region was performed using 300 bp paired-end chemistry and 
reads between 465 and 535 nucleotides long were retained (96.74% of total sequences). 
Samples were processed in QIIME 1.8.0 (Caporaso et al. 2010) and statistical analysis 
and visualization was performed in the R statistical computing environment (R Core 
Team 2015) as follows. Sequences were clustered into operational taxonomic units 
(OTUs) with a 97% similarity threshold by reference based Uclust clustering (Edgar 
2010), using the Greengenes database 13_8 (DeSantis et al. 2006). Taxonomic 
classification was assigned using the RDP classifier (Wang et al. 2007). Chimeric 
sequences were identified using ChimeraSlayer (Haas et al. 2011) and removed along 
with those identified as Unclassified or Cyanobacteria. OTUs were removed if they only 
represented one sequence or were present in only one sample. Samples were rarefied 
to an even depth of 2,500 sequences per sample, after which alpha and beta diversities 
were calculated. In addition to the OTU-based methods, the MCC datasets were blasted 
against a custom database (blastn, max_target_seqs 1, e<10-10; alignment length > 300 
for V1-V3 and >150 for V4 samples) to calculate community composition. Sequences 
classified as Staphylococcus at the genus level were analyzed using the pplacer 
algorithm  with “—keep-at-most 100 –max-pitches 100” (Matsen et al. 2010) and a 
curated phylogenetic reference package (Conlan et al. 2012). Taxonomic classifications 
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were generated using the guppy program, and species-level classifications with a 
maximum likelihood greater than 0.75 were retained. “Closed-reference” OTU picking 
against the Greengenes database, with OTUs assigned at 97% identity, was used to 
generate biom–formatted OTU tables for functional prediction with PICRUSt (Langille et 
al. 2013) that were subsequently annotated with HUMAnN (HMP unified metabolic 
analysis network) version 0.99 (Abubucker et al. 2012). Kruskal-Wallis and multiple 
comparison post hoc tests were calculated in R with the pgirmess package (Giraudoux 
2015). Procrustes analysis was performed in R using beta diversity Bray Curtis 
dissimilarity matrices generated in QIIME and the metaMDS and protest functions in the 
vegan package (Oksanen et al. 2015).  
 
2.5.3 Whole metagenome sequencing and analysis 
	
Libraries were prepared using the NexteraXT (Illumina, San Diego, CA) library 
preparation kit according to the manufacturer’s instructions, except that PCR cycles 
were increased to 15. Additionally, instead of using the manufacturer’s NexteraXT bead-
based normalization protocol, we manually normalized and pooled based on DNA 
concentration and average fragment lengths. Sequencing was performed at the Penn 
Next Generation Sequencing Core on the Illumina MiSeq and/or HiSeq2500 rapid 
chemistry to obtain 150 bp paired-end reads. 
 
Sequence data were obtained in fastq format. Adapters were removed using cutadapt 
(version 1.4.1) with an error rate of 0.1 and overlap of 10. Low quality sequences (quality 
score <33) were removed using the standalone FASTX toolkit (version 0.0.14) with 
default parameters. Sequences mapping to the human genome were removed from the 
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quality-trimmed dataset using the standalone DeconSeq toolkit (version 0.4.3) with 
default parameters and the human reference GRCh37 (Schmieder and Edwards 2011). 
Because a 1% spike-in of PhiX Control was added to the sequencing runs for quality 
control purposes, any sequences mapping to the PhiX174 genome (NCBI Accession: 
NC_001422) were also removed using DeconSeq. Sequences <80 nucleotides long 
were removed from the quality trimmed, DeconSeq filtered fastq files and one of the 
paired reads (SE1) was input into MetaPhlAn version 1.7.7 (Segata et al. 2012; 2013) for 
taxonomic classification. One of the paired ends (SE1) from the MCC sample was 
blasted against a custom database of genomes from the 20 expected bacterial species 
(blastn, max_target_seqs 1, e<10-10; alignment length > 50) to calculate community 
composition. Alpha diversity was calculated in vegan (Oksanen et al. 2015) using the 
biom table generated from MetaPhlAn output. For functional annotation and comparison, 
one set of the paired end reads (SE1) for each sample was subsampled to 200,000 
sequences, queried against a reduced KEGG reference database version 56 (blastx; 
max_target_seqs 1, e < 10-10), and input into HUMAnN v0.99 (Abubucker et al. 2012). 
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2.10 Figures 
 
Fig 1: Study design for analyzing cutaneous bacterial communities 
(A) Seven skin sites were sampled from a healthy human cohort of nine volunteers (B). 
DNA was isolated from cutaneous swabs and sequenced for downstream bioinformatics 
analyses. (C) Schematic illustrating the primers used for the two different targeted hyper-
variable regions on the 16S ribosomal RNA (rRNA) gene. 
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Fig 2: Taxonomic profiles of cutaneous bacterial communities vary 
(A) Heatmap depicting relative abundances of the 20 bacterial species in the mock 
community control. Rows display bacterial species and columns denote sequencing 
technique used for analysis. “Actual” refers to the expected abundance based on the 
community composition. Dendrogram (x-axis) clusters each sequencing type by similar 
taxonomic profiles. (B) Pie charts depicting the mean relative abundances of the top 15 
taxa in the cutaneous samples.  The innermost circle represents the V4 samples, the 
middle circle the V1-V3 samples, and the outermost WMS sequenced samples. 
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Fig 3: Species level classification of Staphylococcus sequences 
 (A) Barplot of the total number of operational taxonomic units (OTUs) identified in 
cutaneous samples by V1-V3 and V4 sequencing, highlighting the number of OTUs 
named at the species level (B) Mean relative abundance of Staphylococcus species 
identified by 16S tag sequencing of skin samples at greater than 1% (C-E) Relative 
abundance of Staphylococcus sequences able to be classified at the species level. (C) 
Staphylococcus species in the WMS sequenced dataset were classified using 
MetaPhlAn. (D,E) V1-V3 and V4 species level classifications were determined by 
pplacer. Pie charts depict the percentage of sequences classified as Staphylococcus at 
the genus level that were further classified at the species level. 
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Fig 4: 16S predictions differ from whole metagenome functional enrichment 
(A) Heatmap depicting the log2 fold change of statistically significantly different KEGG 
categories (FDR corrected paired Wilcoxon test, p < 0.05) between 16S and WMS 
sequencing functional profiles. Purple depicts enrichment in WMS samples. Green 
depicts enrichment in the 16S samples.  Each column represents a different sample and 
each row a KEGG pathway.  The colors above the columns indicate sequencing of the 
V1-V3 (gray) or V4 (black) region of the 16S rRNA gene. (B) Box plots depicting mean 
relative abundances of significantly different KEGG pathways (FDR corrected paired 
Wilcoxon test, p < 0.05) between 16S and WMS functional profiles. 
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Fig 5: Cutaneous taxonomic and functional diversity trends depend on 
sequencing method 
Shannon diversity of (A) taxonomic and (B) functional profiles for each sequencing 
technique presented by site microenvironment. Asterisks indicate significance of p < 
0.05 using Kruskal-Wallis and multiple comparison post hoc tests. Boxplots were 
calculated using the ggplot2 R package. (C) Procrustes analysis revealing congruence 
between NMDS ordinations of the V1-V3 (target) and V4 (rotated) Bray Curtis 
dissimilarity matrices. Circles indicate V4 samples and diamonds indicate V1-V3 
samples, with matched samples connected by a line. Shorter lines reflect greater 
clustering similarity. 
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Fig S1: Composition of the bacterial mock community sample 
Relative abundances, calculated using OTU-based methods, of the genera included in 
the even bacterial mock community (HM-782D from BEI). Each box represents a 
different genera (colored by phylum) and the x-axis denotes the sequencing technique 
employed. Expected relative abundances are denoted by a dotted line for WMS and a 
solid line for 16S tag sequencing. 
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Fig S2: Taxonomic variation between sequencing strategies 
Taxonomic relative abundance of the bacterial communities by site. Each bar represents 
a single sample from a subject, separated by sequencing method and anatomical 
location. 
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Fig S3: Correlation of common skin commensals reveals differences in the 16S 
tag sequencing strategies 
Basic linear regression analysis was used to correlate the relative abundance of the 
three most prominent skin genera in 16S tag sequencing samples (y-axis) compared to 
their relative abundance in the whole metagenome shotgun sequenced samples (x-axis).  
Samples where the commensal was not identified by one or both of the sequencing 
techniques being correlated were removed from the analysis. since we are only 
comparing samples that contain information. The relative abundance values were log 
transformed to get a more even spread of the data. 
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Fig S4: Hierarchical clustering reveals differences in the 16S tag sequencing 
strategies 
Heatmap depicting the relative abundance of the top 15 bacterial genera in the samples.  
Each row represents a single swab sample (with three rows per sample for the different 
sequencing type employed) and every column a different bacterial genera.  To the left of 
the heatmap, the first column denotes the different sequencing strategy applied to each 
sample and the second column highlights the site microenvironment sampled. 
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Fig S5: Species level classification of mock community Staphylococcus 
sequences  
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Fig S5 continued: (a) Venn diagram highlighting the 20 species contained in the mock 
community and whether they were identified by V1-V3 and/or V4 tag sequencing OTU-
based methods. Species in the center circle were identified in the mock community 
sample by both 16S tag sequencing methods, whereas species in the outer circles are 
“contaminants” (species identified by sequencing, but not expected members of the 
mock community). (b) Relative abundance of Staphylococcus sequences in the mock 
community that are able to be classified at the species level. Staphylococcus species in 
the WMS dataset were classified by MetaPhlAn, and in the 16S datasets using pplacer. 
Pie-charts depict the percentage of sequences that were classified as Staphylococcus at 
the genus level that were further classified at the species level. “Actual” refers to the 
expected abundance of Staphylococcus species based on mock community 
composition. 
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Fig S6: Comparison of KEGG pathways across sequencing methods 
(a) Comparison of the mean relative abundance of KEGG pathways in the mock 
community sample across sequencing techniques. (b) Shannon functional diversity of 
KEGG pathways in the mock community sample is presented by sequencing technique. 
No significant differences were detected using the Kruskal-Wallis and multiple 
comparison post hoc test. 
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Fig S7: Comparison of KEGG pathways across sequencing methods 
Spearman correlations of the mean relative abundance of 16S predicted KEGG 
pathways to the mean relative abundance of KEGG pathways in the WMS samples. 
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2.11 Tables 
	
	
Cohort&Characteristics n=9
Age Median,y 25
Range,-y 24/53
Female:Male&Ratio 7:2
Sampling&Date Median Aug-20,-2013
Range Aug-19,-2013-/-Sept-4,-2013
Cutaneous&Swabs n=70
Sebaceous 26
Site&Microenvironment Intermittently-Moist 18
Moist 18
V1/V3 3
Even&Mock&Community V4 4
WMS 1
 
 
Table S1: Summary of cohort characteristics and the types of cutaneous swabs 
collected
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Table S2: Summary of samples with sequence counts for each sequencing 
technique 
WMS$SampleID V4$SampleID V1V3$SampleID Subject$ID Age Sex Visit$Date Site$Symbol Site$Category
V1V3$Sequence$
Counts
V4$Sequence$
Counts
WMS$Sequence$
Counts
MG100171 102094 103071 1 24 F 8/19/13 Ra Sebaceous 15699 54226 12313
MG100174 102130 103074 4 53 M 9/4/13 Ra Sebaceous 40903 92500 24267
MG100175 102142 103075 5 30 F 8/20/13 Ra Sebaceous 41334 47680 159595
MG100176 102150 103076 6 34 F 8/20/13 Ra Sebaceous 20123 87232 34960
MG100177 102151 103077 7 24 F 9/3/13 Ra Sebaceous 64298 48472 531901
MG100178 102091 103078 8 25 F 8/23/13 Ra Sebaceous 90117 91823 73605
MG100180 102154 103080 10 25 F 8/19/13 Ra Sebaceous 52433 85448 470524
MG100182 102156 103082 12 25 M 9/4/13 Ra Sebaceous 48029 62534 474496
MG100183 102157 103083 13 26 F 8/19/13 Ra Sebaceous 79184 99811 439125
MG100315 102093 102933 1 24 F 8/19/13 Fh Sebaceous 92023 61387 1473353
MG100318 102101 102936 1 24 F 8/19/13 Um Moist 32738 62695 1809124
MG100319 102102 102937 1 24 F 8/19/13 Tw Moist 28204 71329 2668448
MG100321 102129 102939 4 53 M 9/4/13 Fh Sebaceous 53314 83972 808779
MG100322 102131 102940 4 53 M 9/4/13 Oc Sebaceous 70003 92151 1753679
MG100324 102137 102942 4 53 M 9/4/13 Um Moist 37092 107392 1790933
MG100325 102138 102943 4 53 M 9/4/13 Tw Moist 44715 64637 1764942
MG100327 102141 102945 5 30 F 8/20/13 Fh Sebaceous 93971 76785 368729
MG100328 102143 102946 5 30 F 8/20/13 Oc Sebaceous 32427 49238 423085
MG100330 102149 102948 5 30 F 8/20/13 Um Moist 18482 117477 1442634
MG100331 102089 102949 5 30 F 8/20/13 Tw Moist 18614 100382 428779
MG100333 102261 102951 6 34 F 8/20/13 Fh Sebaceous 15232 70681 613509
MG100334 102263 102952 6 34 F 8/20/13 Oc Sebaceous 10486 76023 204861
MG100336 102269 102954 6 34 F 8/20/13 Um Moist 7047 149825 387543
MG100337 102270 102955 6 34 F 8/20/13 Tw Moist 24292 125601 1296398
MG100339 102273 102957 7 24 F 9/3/13 Fh Sebaceous 26173 64300 839201
MG100340 102275 102958 7 24 F 9/3/13 Oc Sebaceous 39345 102790 1222102
MG100342 102281 102960 7 24 F 9/3/13 Um Moist 15161 104701 1889565
MG100343 102282 102961 7 24 F 9/3/13 Tw Moist 17503 85112 409067
MG100345 102285 102963 8 25 F 8/23/13 Fh Sebaceous 43897 57904 786456
MG100346 102287 102964 8 25 F 8/23/13 Oc Sebaceous 35935 54094 727641
MG100348 102293 102966 8 25 F 8/23/13 Um Moist 15839 77618 973762
MG100349 102294 102967 8 25 F 8/23/13 Tw Moist 31170 108378 1984989
MG100351 102573 102969 10 25 F 8/19/13 Fh Sebaceous 35324 58284 947538
MG100352 102575 102970 10 25 F 8/19/13 Oc Sebaceous 14955 51476 1434156
MG100354 102581 102972 10 25 F 8/19/13 Um Moist 18183 83720 1163590
MG100355 102582 102973 10 25 F 8/19/13 Tw Moist 29663 78358 2353225
MG100357 102597 102975 12 25 M 9/4/13 Fh Sebaceous 20198 112034 2312001
MG100358 102599 102976 12 25 M 9/4/13 Oc Sebaceous 16117 74434 1342272
MG100360 102605 102978 12 25 M 9/4/13 Um Moist 21777 84801 1287361
MG100361 102606 102979 12 25 M 9/4/13 Tw Moist 22947 105177 1605875
MG100363 102609 102981 13 26 F 8/19/13 Fh Sebaceous 39053 79147 1238964
MG100364 102611 102982 13 26 F 8/19/13 Oc Sebaceous 68733 79202 1233172
MG100366 102617 102984 13 26 F 8/19/13 Um Moist 19384 85212 2815779
MG100367 102618 102985 13 26 F 8/19/13 Tw Moist 34789 87142 7844414
MG100507 102098 104144 1 24 F 8/19/13 Ac Intermittently_Moist 21971 60223 3515149
MG100508 102100 104146 1 24 F 8/19/13 Pa Intermittently_Moist 30014 96226 2126984
MG100513 102134 104148 4 53 M 9/4/13 Ac Intermittently_Moist 19777 29773 2011016
MG100514 102136 104153 4 53 M 9/4/13 Pa Intermittently_Moist 19650 49066 2065821
MG100519 102146 104149 5 30 F 8/20/13 Ac Intermittently_Moist 44336 61431 1425536
MG100520 102148 104154 5 30 F 8/20/13 Pa Intermittently_Moist 40376 50105 1104271
MG100525 102266 104150 6 34 F 8/20/13 Ac Intermittently_Moist 16750 72763 341628
MG100526 102268 104155 6 34 F 8/20/13 Pa Intermittently_Moist 14607 115621 507266
MG100531 102278 104151 7 24 F 9/3/13 Ac Intermittently_Moist 13623 79883 1176579
MG100532 102280 104156 7 24 F 9/3/13 Pa Intermittently_Moist 19871 104244 1500649
MG100537 102290 104152 8 25 F 8/23/13 Ac Intermittently_Moist 24504 76177 739144
MG100538 102292 104157 8 25 F 8/23/13 Pa Intermittently_Moist 20929 72424 1249950
MG100543 102578 104158 10 25 F 8/19/13 Ac Intermittently_Moist 8420 75235 1257309
MG100544 102580 104159 10 25 F 8/19/13 Pa Intermittently_Moist 78984 68314 752084
MG100549 102602 104160 12 25 M 9/4/13 Ac Intermittently_Moist 18584 70168 1027823
MG100550 102604 104165 12 25 M 9/4/13 Pa Intermittently_Moist 36928 76984 1306366
MG100555 102614 104161 13 26 F 8/19/13 Ac Intermittently_Moist 11098 78238 1608004
MG100556 102616 104166 13 26 F 8/19/13 Pa Intermittently_Moist 8448 73998 1258881
NA 101803 NA NA NA NA NA Mock Control NA 56555 NA
NA 102080 NA NA NA NA NA Mock Control NA 146691 NA
NA NA 103978 NA NA NA NA Mock Control 24891 NA NA
NA 102355 NA NA NA NA NA Mock Control NA 114469 NA
NA 102570 NA NA NA NA NA Mock Control NA 86442 NA
NA NA 103122 NA NA NA NA Mock Control 30426 NA NA
NA NA 103496 NA NA NA NA Mock Control 23743 NA NA
MG100410 NA NA NA NA NA NA Mock Control NA NA 2711863
Total$#$of$Sequences 2,124,836 5,328,215 81,553,035
Median$#$Sequences$
Per$Sample 24,891 77,928 1,233,172
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CHAPTER 3- THE HUMAN DOUBLE-STRANDED DNA VIROME: 
TOPOGRAPHICAL AND TEMPORAL DIVERSITY, GENETIC ENRICHMENT, 
AND DYNAMIC ASSOCIATIONS WITH THE HOST MICROBIOME 
 
3.1 Contributions 
 
The work in this chapter focuses on a project that I significantly contributed to, both 
intellectually and analytically. Specifically, I was responsible for analysis of the whole 
metagenome samples and modeling of bacteriophage-host co-occurrence associations 
and identification of CRISPR targets. 
 
The contents of this chapter have been published in: 
 
Hannigan GD, Meisel JS, Tyldsley AS, Zheng Q, Hodkinson BP, SanMiguel AJ, 
Minot S, Bushman FD, Grice EA (2015). The Human Skin Double-Stranded DNA 
Virome: Topographical and Temporal Diversity, Genetic Enrichment, and 
Dynamic Associations with the Host Microbiome. MBio, 6(5), e01578–15. 
http://doi.org/10.1128/mBio.01578-15. 
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3.2 Abstract 
 
Viruses make up a major component of the human microbiota but are poorly understood 
in the skin, our primary barrier to the external environment. Viral communities have the 
potential to modulate states of cutaneous health and disease. Bacteriophages are 
known to influence the structure and function of microbial communities through predation 
and genetic exchange. Human viruses are associated with skin cancers and a multitude 
of cutaneous manifestations. Despite these important roles, little is known regarding the 
human skin virome and its interactions with the host microbiome. Here we evaluate the 
human cutaneous double-stranded DNA virome by metagenomic sequencing of DNA 
from purified virus-like particles (VLPs). In parallel we employed metagenomic 
sequencing of the total skin microbiome to assess co-variation and infer interactions with 
the virome. Samples were collected from 16 subjects at eight body sites over one month. 
In addition to the microenviroment, which is known to partition bacterial and fungal 
microbiota, natural skin occlusion was strongly associated with skin virome community 
composition. Viral contigs were enriched for genes indicative of a temperate phage 
replication style and also maintained genes encoding potential antibiotic resistance and 
virulence factors. CRISPR spacers identified in the bacterial DNA sequences provided a 
record of phage predation and suggest a mechanism to explain spatial partitioning of 
skin phage communities. Finally, we modeled the structure of bacterial and phage 
communities together to reveal a complex microbial environment with a 
Corynebacterium hub. These results reveal the previously underappreciated diversity, 
encoded functions, and viral-microbial dynamic unique to the human skin virome. 
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3.3 Importance 
	
To date, most cutaneous microbiome studies have focused on bacterial and fungal 
communities. Skin viral communities and their relationships with their hosts remain 
poorly understood despite their potential to modulate states of cutaneous health and 
disease. Previous studies employing whole-metagenome sequencing without purification 
for virus-like particles (VLPs) have provided some insight into the viral component of the 
skin microbiome but have not completely characterized these communities or analyzed 
interactions with the host microbiome. Here we present an optimized virus purification 
technique and corresponding analysis tools for gaining novel insights into the skin 
virome, including viral “dark matter”, and its potential interactions with the host 
microbiome. The work presented here establishes a baseline of the healthy human skin 
virome and is a necessary foundation for future studies examining viral perturbations in 
skin health and disease.  
 
3.4 Introduction 
	
The human skin is a barrier to the external environment and home to diverse and 
distinctive microbial communities. To date, most cutaneous microbiome studies have 
focused on bacterial and fungal communities, their modulation of cutaneous immune 
responses, and the association of these microorganisms with dermatological disorders 
(1). Recent metagenomic studies confirm the roles of the skin microenvironment and 
interpersonal variation in shaping the microbiome (2). Skin viral communities and their 
relationships with their hosts remain poorly understood, despite their potential to 
modulate states of cutaneous health and disease. Bacteriophages (“phages”; viruses 
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that infect bacteria) can affect human health by altering the composition of their host 
bacterial communities through predation (3, 4). Evidence of such dynamism is provided 
by acquisition and diversification of bacterial clustered regularly interspaced short 
palindromic repeat (CRISPR) elements (e.g. (5)), which target phage genomes for 
destruction using nucleases guided by sequences encoded in the CRISPR arrays. 
Phages may also have long-term impacts on their hosts via lysogeny, in which phages 
integrate their genome into the host and adopt a quiescent state. New genes carried by 
lysogens can affect host metabolism, virulence, antibiotic resistance, and sensitivity to 
other phages (6-9). Phages may also serve as a genetic reservoir for bacterial 
adaptations during stress (i.e. antibiotic treatment) (10). Viruses that replicate on human 
cells are also present in the skin and can affect human health, including human 
papillomaviruses (HPVs), human polyomaviruses (HPyVs), and human herpesviruses 
(HHVs), and can cause skin cancers and other dermatological disorders.  
 
Previous studies employing whole-metagenome sequencing without purification for 
virus-like particles (VLPs) have provided some insight into the viral component of the 
skin microbiome, but have not completely characterized these communities or analyzed 
interactions with the host microbiome (2, 11, 12). The study we present here employed 
techniques for the purification of viral DNA, thereby reducing contamination from human 
and bacterial cells, whose genomes are orders of magnitude longer than viral genomes. 
This allows for deeper viral sequencing and the use of reference-independent analyses 
to capture the impact of unknown or uncharacterized genomes, known as viral dark 
matter (13). We applied shotgun metagenomic analysis to purified VLPs, as well as 
unpurified whole skin microbial communities, conducting the first longitudinal, integrated 
analysis of the healthy human skin virome and the whole metagenome across diverse 
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anatomical locations. The major questions we address with this novel dataset are as 
follows. What is the biogeography and diversity of the human skin virome compared to 
the whole metagenome over time and across individuals? What genetic functions are 
encoded by the skin virome, including antibiotic resistance, virulence factors (VFs) and 
auxiliary metabolic genes (AMGs; “host” genes within phage genomes (14))? What can 
we infer about interactions between phages and their bacterial hosts, including the role 
of CRISPRs in maintaining virome community structure?  
 
3.5 Results 
	
3.5.1 Sampling, sequencing, and quality control 
	
Cutaneous skin swabs were collected from 16 healthy volunteers with no known skin 
conditions between the ages of 23 and 53 years old (Fig 1A-B). Anatomical skin sites 
were sampled bilaterally (the virome sample was collected at the site contralateral to the 
whole-metagenome sample) and consisted of multiple diverse microenvironments: 
sebaceous (retroauricular crease [Ra], occiput [Oc], and forehead [Fh]), moist (axilla 
[Ax], toe web [Tw], and umbilicus [Um]), and intermittently moist (antecubital fossa [Ac] 
and palm [Pa]) (Fig 1A). Swab samples were collected at two time points separated by 
four weeks to assess stability of the communities.  
 
After swabbing each subject’s skin, we used one sample of the contralateral pair to 
purify and extract the VLP DNA using a protocol established for human and 
environmental viromes (15-17). We extracted the DNA from the contralateral sample to 
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investigate the whole microbial community, including bacterial, fungal, and viral 
members. Samples were prepared for shotgun sequencing on the Illumina MiSeq and 
HiSeq2500 platforms using the Illumina NexteraXT library preparation kit, which is 
designed for double-stranded DNA (dsDNA). Therefore, our analysis focuses on dsDNA 
viruses and replicative intermediates of single-stranded DNA (ssDNA) viruses. Sample 
collection, sequence processing, and bioinformatics analyses are outlined in Fig 1C.  
 
After quality filtering, the dsDNA virus dataset contained 260,714,906 total high quality 
sequence reads, with a median of 650,506 sequence reads per sample. The whole 
metagenome dataset contained 368,341,329 total high quality sequence reads, with a 
median of 981,031 sequence reads per sample (See Supplemental Fig 1A-D and 
Table 1 for sequence count statistics). Consistent with previous reports of similar human 
VLP preparations (16-19), a relaxed search against the entire NCBI non-redundant 
database revealed that 94.8% of VLP reads did not significantly match a known genome 
(blastn; E-value<10-3), highlighting the importance of investigating viral dark matter. 
Similar classification identified 42.6% of the whole metagenome reads as unknown. In 
this study, we use multiple reference-independent approaches to address this subset of 
dark matter, in order to account for reads that do not match current reference databases 
and cannot be taxonomically characterized but likely contribute to overall community 
composition and diversity. The viral and whole metagenome datasets were 
independently assembled into contigs, and contigs >500 bp in length were selected for 
further analysis (See Supplemental Fig 1E-H and Table 2 for contig coverage, count, 
and length statistics). Of these phage contigs, 9.0% were taxonomically identifiable, 
highlighting the utility of using contigs in taxonomy instead of using unaligned reads (20). 
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During each sampling event, we collected a blank negative control that never came into 
contact with skin. DNA was extracted from the control and sequenced in parallel with the 
experimental samples. Sequences identified in the negative controls were subtracted in 
silico from the experimental samples (see Supplementary Methods for details). Using the 
Bray-Curtis dissimilarity metric, we found significant separation of the control samples 
from the skin samples (Supplemental Fig 2A), confirming minimal identity shared 
between the control and experimental samples and providing confidence that the viruses 
present are not the result of environmental or reagent contamination. As an additional 
control, we sequenced an even mock community sample. The observed community 
composition was significantly correlated to the expected community composition at the 
genus-level (Spearman correlation rho=0.6, p-value=0.01), suggesting that our library 
preparation and sequencing techniques sufficiently depict microbial community 
composition (Supplemental Fig 2B). 
 
Using methods previously outlined for quantifying virome contamination	(21), we verified 
reduction in cellular contamination within viromes by showing a significant reduction in 
normalized bacterial 16S rRNA gene levels in the purified viromes compared to the 
unpurified whole metagenomes (Supplemental Fig 2C). We also supported virome 
purity using a previously described method (16) to map significantly more sequences 
from the virome to the whole metagenome, rather than the reverse (Supplemental Fig 
2D). Finally, we confirmed a significant reduction of contamination from human cells in 
the virome than in the whole metagenome (Supplemental Fig 2E). These analyses 
suggest that viral reads are in greater abundance after VLP purification and reinforce the 
utility of VLP purification techniques.  
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3.5.2 Skin virome composition 
 
To examine the community membership of the skin virome, we used the viral UniProt 
TrEML reference database to annotate predicted open reading frames (ORFs) in the 
assembled viral contigs. Annotated ORFs were then subjected to a voting system that 
assigned taxonomy based on the most abundant ORF annotation within the contig, as 
described previously (22). Some contigs had ties in taxonomic votes, which were labeled 
as having “multiple hits” because they are not unknown, but we cannot assign a resolved 
viral taxonomy with confidence. The abundance of each taxonomically identified contig 
was quantified as the number of unassembled reads that aligned to the contig. Read 
counts were normalized in order to account for differences in contig length, sequencing 
efficiency, and associated run variation of that overall sample by using methods 
previously described (22). 
 
Most of the dsDNA viral contigs belonged to the Caudovirales order (tailed 
bacteriophages), suggesting a larger proportion of bacteriophages among skin dsDNA 
virus communities than previously suggested (11) (Supplemental Fig 3A). Most of the 
viruses were unclassifiable at the family level, but we could identify some phage families 
including Myoviridae and Siphoviridae (Supplemental Fig 3B). Interestingly, members 
of the Papillomaviridae family were most abundant on the palm, which is a region known 
to be afflicted by cutaneous warts. We also observed members of the family Poxviridae, 
which were observed as a major virus taxa in a related skin metagenomic survey (2). It 
is important to note that while many viruses are not identifiable at the family level, they 
are often identifiable at the species level, as is the case with many orphan 
Staphylococcus phages (23).  
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At the species level, we observed bacteriophages of known skin inhabitants such as 
Propionibacterium phages and Staphylococcus phages (Fig 2A), and their relative 
abundances were significantly variable across different skin microenvironments 
(Supplemental Fig 3C,D; p < 0.05 Kruskal and multiple comparison post hoc tests) and 
occlusion statuses (Supplemental Fig 3F-G; p < 0.05 Kruskal-Wallis and multiple 
comparison post hoc tests). A large fraction of each virome contained contigs that 
maintained equal similarity to multiple phages, meaning they were not assignable to a 
single species, and were therefore annotated as “multiple hits” (Fig 2A). This is likely a 
reflection of the modular nature of bacteriophage genomes and highlights the need for 
more robust reference databases for a better understanding of phage genome 
architecture. There was also an abundant representation of environmental phages, 
including Pseudomonas and Bacillus phages.  
 
The most abundant recognized metazoan virus was HPV, which was prominent in some 
individuals and generally present in significantly greater relative abundance at 
sebaceous and exposed sites (Supplemental Fig 3E,H; p < 0.05 Kruskal and multiple 
comparison post hoc tests). HPyVs were detected in very low abundance, where only six 
samples contained any sequence mapping to known HPyV genomes, and no sample 
had >100 putative HPyV sequences.  
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3.5.3 Skin total microbial community composition 
 
In addition to examining the taxonomic composition of the virome, we further 
characterized the membership of the whole microbial skin community by using the 
corresponding sample set that was not subjected to VLP or microbial selection. Bacterial 
communities were classified from the unassembled sequences by using MetaPhlAn (24, 
25), which annotates sequences on the basis of clade-specific markers from reference 
genomes. Additionally, bacterial, fungal, and viral species abundances were quantified 
from assembled contigs using the lowest common ancestor algorithm in MEGAN (26). 
Consistent with previous whole-metagenome analyses of skin (2, 27), Propionibacterium 
(including P. acnes), Staphylococcus (including S. epidermidis and S. hominis), and 
Corynebacterium were the dominant bacterial genus (Fig 2B and Supplemental Fig 
4A,B) and Malassezia was the most abundant fungal genera (Supplemental Fig 4A,C). 
Viruses were present in low abundance (average 0.4% per sample), likely because of 
the relatively small genome size of viruses compared to prokaryotes and 
microeukaryotes, and this further highlights the utility of VLP isolation before sequencing 
(Supplemental Fig 4A,D). The viruses recovered were primarily “unclassified” and 
Staphylococcus phages (Supplemental Fig 4D).  
 
3.5.4 Variation of the skin virome and total metagenome among anatomic sites 
 
As demonstrated above, and extensively in previous literature (16-19), most of the 
viruses were taxonomically unidentifiable because of insufficient reference database 
information. In order to capture information from both characterized and uncharacterized 
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genomes, we employed reference-independent approaches based on the relative 
abundance of each contig in our data set. To assess the beta diversity (diversity 
between samples) among anatomical sites, we calculated the Bray-Curtis dissimilarities 
between communities at the same and different anatomical sites. The Bray-Curtis metric 
accounts for both the total number and abundances of taxa shared between two 
samples to generate a dissimilarity value between 0 (all taxa in samples are shared and 
equally represented) and 1 (no taxa are shared between samples). We used an Adonis 
(or PERMANOVA) test to partition samples into groups of interest, calculate the 
sequential sums of squares from data centroids, and determine significance through 
permutational F-tests of each contributing factor. We identified significant differences in 
virome and whole metagenome community structure based on microenvironment and 
occlusion status (Fig 2C,D; Adonis test; p < 0.001). These findings parallel previous 
reports of the bacterial and fungal skin microbiomes (28, 29), and highlight an additional 
role for occlusion/exposure parameters in microbial community structure and function.  
 
We further estimated and compared alpha (within-sample) diversities of viral 
communities by using a reference-independent approach to calculating the Shannon 
diversity index. Here we estimated virome diversity, including the viral dark matter, using 
the PHACCS toolkit (30), which calculates the degree of contig assembly to generate a 
“contig spectrum” that is compared to simulated communities varying in size and 
diversity until a suitable match is found. PHACCS predicts the virome size and diversity 
as if the entire community (both known and unknown viruses) were sequenced and 
annotated. The Shannon diversity of bacterial communities among anatomical sites was 
calculated based on reference-dependent taxonomic relative abundance information 
described above. We found that the virome and bacterial metagenome of sebaceous 
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sites was less diverse than moist or intermittently moist sites (Fig 2E-G; p < 0.05 Kruskal 
and multiple comparison post hoc tests). While the virome was most diverse at 
intermittently occluded sites (e.g. Ac), the bacterial metagenome was most diverse at 
occluded sites (e.g. Tw and Um; Fig 2E-G; p < 0.05 Kruskal and Multiple Comparison 
Post Hoc Test), further highlighting the differences in viral and bacterial community 
diversity based on anatomic sites. 
 
To assess the utility of reference-independent methods in determining differences in viral 
diversity, including that of the viral dark matter, we performed the above alpha and beta 
diversity analyses by using the reference-dependent taxonomic relative abundance 
information from Figure 2A. The alpha diversity of the reference-dependent data set 
(Supplemental Fig 5A-B) was strikingly less than that predicted by the reference 
independent methods employed by PHACCS (Figure 2F). In contrast to the PHACCS-
based analysis, there was no significant difference between the microenvironment or 
occlusion categories when using the reference-dependent data. Beta diversity between 
sites of different microenvironment and occlusion statuses mirrored the reference-
independent findings (Figure 2C and Supplemental Fig 5C-D). Therefore, there is 
added value to using viral dark matter in some community analyses, but some metrics 
can be performed effectively by reference-based approaches. 
 
3.5.5 Variation of the skin virome and total metagenome over time 
	
Previous studies suggest that temporal variation of the bacterial microbiome at a given 
skin site is minimal compared to interpersonal variability (29, 31), so we examined both 
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viral and whole microbial community changes over a one-month period. There was a 
significant difference between the two time points in shared diversity of the viromes, but 
not the whole metagenomes, as measured by Bray-Curtis dissimilarity (Supplemental 
Fig 6 A-B; Adonis test; p < 0.001 and p = 0.978, respectively). These findings suggest 
that the whole metagenome is more stable than viral communities over time.  
 
Using the same metric, virome temporal variability at a given skin site was significantly 
lower than interpersonal variability (Fig 2H; t-test p = 1.26 x 10-11), similar to what we 
observed for the whole metagenome (Fig 2I; t-test; p = 3.50 x 10-30). Analogous to 
human fecal viromes, the largest source of skin virome variance appears to be 
interpersonal variation (16, 17). In contrast to the gut, which has been suggested to 
share over 80% of the intrapersonal virome over time (16, 17), we found less than 50% 
of the intrapersonal skin virome was shared over time (Supplemental Fig 6C). 
 
3.5.6 Evidence of a temperate replication style 
 
Bacteriophages can exist as lytic or temperate phages. Lytic phages lyse the host soon 
after infection and do not exist in a latent, lysogenic state. Conversely, temperate 
phages are able to integrate their genomes into the bacterial host genome and exist as 
prophages, as well as excise and go through the lytic cycle. To examine the replication 
strategies of the phages residing on the skin, we used an established approach (17) of 
searching VLP contigs for temperate phage replication markers, including (i) the 
presence of integrase genes (including members of both serine and tyrosine integrase 
families), (ii) the presence of temperate prophage genes including parABS partitioning 
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systems, and (iii) nucleotide identity to bacterial genomes indicative of integration. Our 
data suggests that most skin bacteriophages are temperate phages (Fig 3A). Of the 
6,661 contigs that were annotated as bacteriophages by our taxonomic criteria above, 
5,363 had at least one of these three temperate phage markers. More specifically, 592 
(8.8%) contained at least a single integrase gene as represented in the UniProt TrEMBL 
database; 856 (12.9%) aligned to known bacterial genomes, including Actinobacteria, 
Firmicutes, and Proteobacteria; and 5,137 (77.1%) contained open reading frames 
(ORFs) similar to annotated prophage genes found in the ACLAME database of mobile 
genetic elements (32). By these measures, each anatomical skin site had a median 
relative proportion of > 85% temperate phages, with different relative abundances by site 
(Fig 3B; p < 0.05 Kruskal and multiple comparison post hoc tests). This data suggests 
that the majority of identifiable Caudovirales bacteriophages on the skin are temperate, 
consistent with studies of the human gut virome (16, 17). 
 
3.5.7 Virome functional potential and auxiliary metabolic genes 
	
Though our data support a lesser role for host lysis in skin dsDNA bacteriophage 
populations, they likely influence bacterial communities via prophage integration and 
genetic exchange. We therefore investigated the genetic functional potential of skin viral 
communities compared to the whole metagenome. Functional pathways were 
interrogated by comparison to the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
database (33) and analyzed by using the HUMAnN annotation and quantification 
program (34). Overall, the virome was enriched in information processing and peptide 
transport, while the whole metagenome was enriched for metabolic process genes 
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(Supplemental Fig 7A). Gene ontology (GO) analysis revealed significant enrichment of 
genes for viral components and processes, DNA transcription, and RNA metabolic 
processes in the virome (Supplemental Fig 7B), while the whole metagenome was 
enriched in cellular nitrogen compound and carbohydrate derivative metabolic 
processes. Notably, the virome was significantly enriched in the GO term “establishment 
of viral latency” (Supplemental Fig 7B), consistent with the observed dominance of 
temperate phages on the skin. 
 
Some bacteriophages are known to encode AMGs (host genes within phage genomes) 
that promote viral infection by modulating host metabolic activity (reviewed in (14)). We 
evaluated whether there were core AMGs conserved across the entire skin virome, 
thereby belonging to the overall core gene set. To accomplish this, we clustered the 
predicted virome contig ORFs into representative operational taxonomic unit-like 
sequences called Operational Protein Families (OPFs) (9, 35). Core OPFs were defined 
as those OPFs that were present in all of the samples from a skin site. Core OPFs were 
differentially distributed across skin sites, with the greatest amount present on the 
forehead (Fig 3C). Of the 15 core OPFs present in all virome samples, all were 
hypothetical or known phage genes and none were AMG candidates (Fig 3D), 
suggesting a sparse population of core skin virome AMGs. As highlighted above, in 
comparison to the metagenome, the virome was enriched for KEGG pathways related to 
transport (Supplemental Data Fig 7B), as well as GO-terms associated with regulation 
of RNA metabolic processes (GOEast, p-value<0.05). This indicates that potential 
AMGs, while not strictly belonging to a “core” set of genes, are present throughout the 
skin virome. We also investigated the distribution of OPFs with respect to skin site 
microenvironment and occlusion and found significant differences (Bray-Curtis 
83 
	
dissimilarity; Adonis test; p<0.001), suggesting differential spatial distribution of virome 
functional potential (Fig 3E).  
 
3.5.8 Antibiotic resistance and virulence factor enrichment 
 
Because phages may alter the phenotypes of their hosts by conferring novel virulence 
and pathogenicity functions, we investigated the potential for antibiotic resistance and 
bacterial virulence encoded within the skin virome. Using blast algorithm parameters 
specified in previous foundational human virome studies (17, 36), we assessed antibiotic 
resistance potential by comparing ORFs from the assembled virome contigs to the 
Comprehensive Antibiotic Resistance Database (CARD) (37) (blastx; e < 10e-5). To 
further increase our confidence in the annotations beyond that of past studies, we 
filtered the blastx hits to keep only those with > 75% identity. Viromes contained 29 
unique antibiotic resistance gene (ARG) groups, which were related to antibiotic efflux, 
and resistance to beta-lactamases, rifampin, tetracycline, and elfamycin (Fig 4A). 
Tetracyclines are commonly used to treat dermatological conditions such as acne, and 
elfamycins are naturally occurring antibiotics with strong activity against 
Propionibacterium acnes (38). To confirm the identified ARGs are associated with the 
virome and not cellular contamination or artifacts, we demonstrated ~50% of ARGs co-
localized on contigs with other annotated phage genes, or are themselves known phage-
associated antibiotic resistance genes (Fig 4B). ARGs were primarily associated with 
“multiple hit”, Bacillus, and Streptococcus phages (Fig 4B). We also identified potential 
virulence factors (VFs) associated with the skin virome using the Virulence Factor 
Database (VFDB) (39) with the same blastx parameters and filtering as described for 
antibiotic resistance analysis above. We identified 122 unique VF genes and >1/3 of the 
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VF contigs were either known phage-associated genes or co-localized with phage genes 
(Fig 4C). These findings together indicate that bacteriophages of the skin microbiome 
may be a significant source of transmissible genes associated with antibiotic resistance, 
virulence, and pathogenicity.  
 
3.5.9 Inference of phage-bacteria interactions: co-occurrence network analysis 
 
To predict phage-bacterium interactions of the skin, we constructed a correlation 
network from relative abundances of bacteria and known phages, as previously 
described (40) (Fig 5A). Positive interactions indicate that the bacteria and phage 
typically co-occur, while negative interactions suggest a mutually exclusive relationship 
between the bacterium and phage relative abundances. The resulting network of 
significant phage-bacterium interactions contained 21 nodes, 7 bacteria and 14 phages. 
Propionibacterium and Staphylococcus bacteria were typically co-present with their 
phage counterparts, Propionibacterium phages and Staphylococcus phages, 
respectively (Fig 5A). The overall co-occurrence structure suggests that the network is 
non-random, exhibiting scale-free properties such as short average path lengths 
(characteristic path length=2.781) and a node degree distribution that approximately fits 
a power law (R2=0.781) (41). Short average path lengths suggest the skin phage-
bacterium community network is able to respond rapidly to perturbations (42). The 
heterogeneity value (likelihood of uneven distribution of edges) of the network was 
0.819, suggesting that there are fewer hubs, and indicating presence of potential 
“keystone” taxa in the network (43).  
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Hubs may be distinguished by identifying nodes of high degree. In the skin bacterium-
phage network, Corynebacterium, with a degree of 10, had the greatest number of 
interactions, while all other nodes had degrees ≤ 5. Corynebacterium positively 
associated with eight phage, including Corynebacterium and Staphylococcus phage,s 
and negatively associated with two phage, including Propionibacterium phage (Fig 5A). 
These features of the network topology suggest that the skin bacterium-phage network 
is able to rapidly respond to perturbations, and Corynebacterium may act as a key hub. 
 
3.5.10 Inference of phage-bacteria interactions: CRISPRs 
 
CRISPRs are a form of bacterial adaptive immunity against phage predators. Spacer 
sequences, generally 26-72 nucleotides in length, are captured from invading phages 
and integrated into the bacterial chromosome. These spacer sequences provide a 
genomic record of phage predators encountered by the bacteria. We detected a total of 
477 unique spacer sequences, identified by 68 unique CRISPR repeats in the whole 
metagenomic dataset. Only 18 spacers aligned to VLP contigs (Fig 5B). These spacers 
were found in 21 metagenomic contigs and mapped to 40 unique VLP contigs. Spacers 
found in the Um only aligned to Um VLP contigs. Two Staphylococcus spacers detected 
in the Ax aligned to 16 different VLP contigs that were found at every body site except 
the Pa (Fig 5B). A Propionibacterium spacer found both in the Pa and Tw aligned to 
eight different VLP contigs from the Ax, Oc, Fh, and Ra (Fig 5B). These findings indicate 
that phage-host dynamics may not be restricted by anatomical skin site, and spacers 
identified at one skin site may be restricting phage during invasions from other skin sites, 
which could in part, explain spatial partitioning of the skin virome. We further 
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characterized the genomic CRISPR targets within the VLP contigs and found that the 
majority of targets within coding regions belonged to phage portal proteins, which are 
genes involved in packaging DNA into phage particles (Fig 5C). It is unclear whether this 
is an artifact of the low sampling of CRISPR spacers (approximately 12 spacers were 
annotated) or a biological phenomena. Future work will be required to understand this to 
a greater extent. Interestingly, the majority of CRISPR targets did not map to predicted 
ORFs, suggesting that there is not a targeting preference for genomic coding regions 
(Fig 5C).  
 
3.6 Discussion 
	
In summary, we present parallel analyses of the human skin virome (as determined from 
purified VLPs) and whole metagenome. Purification of VLPs provides many advantages 
for virome-targeted analyses, including deeper sequencing of viruses and the ability to 
confidently assess viral dark matter by using reference-dependent and –independent 
approaches. However, this technique has previously been technically prohibitive for 
application to skin viruses because of the small microbial burden in and on the skin. 
Advanced library preparation techniques utilizing ultrasmall amounts (<1 ng) of DNA 
have facilitated this study to characterize the human skin dsDNA virome in parallel with 
the whole metagenome in order to gain insight into multikingdom interactions of the skin 
microbiome.  
 
Our results demonstrate that the skin virome is highly site specific, and is modulated by 
occlusion and exposure, in addition to sebum and moisture. This significant effect of skin 
occlusion on viral and whole microbial communities has not yet been described in 
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previous skin whole microbial analyses, and provides new insight into the variation of 
these communities across anatomical sites. Anatomical intrapersonal and interpersonal 
variations play a greater role in cutaneous viral community composition than 
intrapersonal temporal variation, supporting the role for persistent commensal 
populations, rather than a dominance of new acquisition of different transient viruses 
from the environment. 
 
The persistence of phage populations on the skin, and especially dsDNA phages, is 
possibly due in part to the temperate nature of their infections. While cutaneous phages 
that are primarily temperate may not exhibit a predator-prey dynamic with their hosts, 
they may give rise to novel bacterial strains via transfer of genes including antibiotic 
resistance and VF genes, which were found in our samples. The dynamics of phage 
predator-prey relationships within communities is complex, and while our study provides 
a first look into these community dynamics in the skin, further studies will be needed to 
more completely characterize these relationships.  
 
Although we noted that the majority of identifiable phages in the sampled skin virome 
were temperate, we were only able to predict the replication styles of the identifiable 
phages. This highlights the need for robust reference databases and the utility of 
reference-independent methods. Additionally, we were not able to detect ssDNA viruses 
or enveloped viruses. Because of our efforts to confirm a reduction of bacterial genomic 
DNA in our samples, we are confident that the majority of the sequences are in fact from 
free phages, and provide a valuable description of our identifiable virome library. 
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In addition to showing complex community dynamics within the skin viral communities, 
we also provided evidence for potential interactions between the virome and the other 
microbial communities using co-occurrence network modeling and CRISPR identification 
techniques. Our network analysis allowed us to infer an extensive and multikingdom 
ecosystem structure. Understanding these ecological interactions, and experimentally 
validating them will be critical for further developing targeted therapeutics such as phage 
therapy.  
 
CRISPR analysis suggested differing degrees of ongoing phage infections at different 
sites or simply differential abundances of CRISPR arrays in the resident bacteria. 
CRISPRs not only targeted phages found at the same skin sites but also targeted 
phages at other skin sites, providing a record of successfully repelled attacks from 
phages now detected at other body sites. These findings suggest a potential mechanism 
for partitioning of the skin virome between different anatomical locations and warrants 
further investigation. While we focused on CRISPR mechanisms of interaction, there are 
other mechanisms of bacterium-phage interactions that are worth investigating in future 
studies such as restriction modifications.  
 
A limitation to note in this study, and virome studies in general, is the bias within the 
reference databases used. We identified phages by their host bacteria, but the numbers 
of known phages that infect bacteria differ greatly between hosts and the genomic 
diversity within these phages also varies. For example, Propionibacterium phages 
exhibit limited genomic diversity (44) and thus there is a higher likelihood of identifying a 
sequence match to one of these phages if it is present. Mycobacteria and 
Staphylococcus phages are more diverse, and reference-dependent methods will miss 
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phages that diverge heavily from known sequences. We attempted to minimize the 
impact of these variations on our relative abundance and diversity calculations by using 
both reference-dependent and reference-independent methods. 
 
Phage genomes are highly mosaic, and when using de novo contig assembly methods, 
two (or more) genomic sections of different phages could assemble around a short, 
shared region, leading to taxonomic misidentification. In order to minimize this bias, we 
employed a voting system based on taxonomy assigned to all genes within the contig 
and required that contigs have at least one identified gene every 10kb to ensure enough 
genes are present for proper classification.  De novo contig assembly could also affect 
the interpretation of specific gene co-localizations observed, (i.e. Figure 4 B and C). 
Antibiotic genes could be adjacent to other genes, but misrepresented due to contig 
assembly issues associated with mosaic genomes. More detailed molecular analyses 
will be required to draw conclusions about genomic structure. 
 
The skin microbiome is a low-biomass community in comparison to other body sites (i.e. 
gastrointestinal tract), and care must be taken to control for potential contamination in 
reagents.  Many shotgun metagenomic studies of low biomass communities have not 
addressed background contamination by sequencing and analysis of appropriate 
negative controls, resulting in erroneous conclusions (45). Previous virome studies have 
attempted to increase biomass by pooling samples, but this design is not conducive for 
identifying interindividual variability. In the present study, in addition to minimizing 
contamination during library preparation, blank, background controls were collected and 
analyzed. In silico decontamination removed organisms from experimental samples that 
were also present in the background controls. We defined successful removal of 
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background contamination as a significant difference between the background controls 
and the experimental samples based on the Bray-Curtis distance metric. A caveat to this 
approach is that it is reference-dependent and potential uncharacterized contaminants 
would not be detected. Also, if the background controls were not sequenced to absolute 
saturation, some lowest-abundance contaminants would not be detected. While this 
could impact the lowest abundant contaminants, it is unlikely that major contaminants 
remained in the samples. 
 
Overall, the findings outlined here set the stage for future studies of (i) acquisition of viral 
communities, (ii) responses to perturbations such as antibiotic therapies and hygienic 
routines, (iii) factors impacting temperate versus lytic replication cycles (i.e. DNA 
damaging UV radiation or antibiotics), and (iv) impacts on human health and disease. In 
the long term, this work may also inform potential therapeutic strategies for skin 
disorders based on phage therapy.  
 
3.7 Materials and Methods 
 
Please see the supplemental methods section for a detailed description of our methods, 
as well as the source code and intermediate data files related to all of our experiments. 
 
3.7.1 Sample collection 
 
We recruited a cohort of 16 healthy individuals (ranging from 23 to 53 years old) in 
accordance with protocols approved by the University of Pennsylvania Internal Review 
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Board. Sample collection was performed after informed consent was obtained from the 
subject. Exclusion criteria included self-reported antibiotic treatment (oral or systemic) 6 
months prior to enrollment, observable dermatologic diseases, and significant 
comorbidities including HIV or other immunocompromised states. 
 
3.7.2 Sample sequencing and processing 
 
Whole metagenome DNA was prepared from cutaneous swab samples using techniques 
similar to those previously described (29, 46). The VLP DNA extraction protocol was 
optimized from a previously described method (15). The DNA was prepared for 
sequencing using an optimized protocol for the Illumina Nextera XT library preparation 
kit. Sequencing was performed on the Illumina MiSeq and HiSeq2500 rapid chemistry 
platforms. All community analyses were performed with custom Bash, R, and Perl 
scripts, building off of established concepts and utilizing existing algorithms and toolkits, 
including the BLAST+ (47) toolkit and bowtie2 (48).  
 
Quality control was performed to remove sequencing adapters, low-quality sequences, 
and sequences with similarity to the human genome (49). Mock negative-control 
samples were also collected to control for background sequencing signals. We 
performed follow-up analyses of these control data to ensure a high-quality sequence 
set. Contigs were assembled using the high-quality sequences in the Ray de novo 
assembly program (50). 
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3.7.3 Taxonomy and Diversity 
	
As previously described, virome taxonomy was assigned by annotating ORFs on the 
basis of the UniProt reference database (51), and assigning contig taxonomy based on 
the most frequent ORF taxonomy similarity present (22). Alpha diversity was estimated 
by including both the known and unknown viruses with the PHACCS algorithm (52) and 
GAAS program (53). Beta diversity was assessed using the Bray-Curtis dissimilarity 
metric within the vegan R package (CRAN) (54), and was based on normalized 
sequence counts (RPKM) for each contig by sample (54). Beta diversity information was 
also used for the intra- and inter-personal diversity calculations. Whole metagenome 
taxonomy was assigned using MetaPhlAn (24, 25) and MEGAN (26). Whole 
metagenome diversity was calculated using the vegan R package. For comparison, 
alpha diversity of each anatomic site from both the virome and whole metagenome was 
calculated by the box plot notch calculation described in the ggplot2 R package (55), as 
well as in McGill et al (56). 
 
3.7.4 Prediction of bacteriophage replication cycle distribution 
 
Virome replication cycle distribution was calculated by quantifying the presence of 
temperate marker genes, including integrase genes from both the serine and tyrosine 
families, prophage elements within the ACLAME database (32) including components of 
parABS partitioning systems, and bacterial reference genome elements. Sequences 
were mapped back to the temperate and lytic contigs to assess normalized relative 
abundance. 
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3.7.5 Functional annotation and comparison 
 
Sequence functionality was predicted by mapping reads to a reduced KEGG reference 
database (33) and annotating them with the HUMAnN program (34). Gene ontology 
enrichment analysis was performed in GOEAST (57) with ORFs that were predicted 
using the Glimmer3 toolkit (58) and subjected to a blast search of the UniProt reference 
database. OPF and AMG analyses were performed similar to those in previous studies  
(9, 35), and utilized the UCLUST (59) algorithm in QIIME (60). The CARD (37) and 
VFDB (61) were used with predicted ORFs to estimate the potential for antibiotic 
resistance and virulence, respectively. Visualization of ARGs was performed in the 
Geneious program (62).  
 
3.7.6 Inferred interactions between phage and bacteria 
 
Inferred interactions between phages and bacteria were calculated using CoNet (63) 
within Cytoscape (64), as previously described (40). Only interactions supported by two 
of the five tested metrics (the Pearson and Spearman correlation metrics, the mutual 
information similarity metric, and Bray Curtis and Kullback-Leibler distance metrics) were 
retained for analysis of potential interactions. P-values from the multiple metrics were 
combined by the Simes method (65), and false-discovery rate correction was performed 
(66). Network analysis was performed with the Cytoscape NetworkAnalyzer plugin (67). 
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3.7.7 CRISPR identification and comparison to the virome 
 
CRISPR targeting of the bacterial hosts against the viruses was performed with the 
PilerCR program for CRISPR identification within bacterial genomes (68). The CRISPR 
spacer sequences were mapped against the phage contigs from various locations to 
evaluate potential targeting with Circos (69). Phage ORFs targeted by spacers were 
identified by using the UniProt TrEMBL database and blastx (e<10-10). 
 
3.8 Data Access 
	
The sequences determined in this study have been deposited in the NCBI Short Read 
Archive (SRA) under BioProject PRJNA266117 and SRA accession number 
SRP049645. The sequenced mock community has been deposited under SRA 
accession number BioProject PRJNA295605 as sample MG100410. The analysis scripts 
described in Materials and Methods and intermediate files have been archived at 
Figshare Digital Science, London, United Kingdom and are available at 
DOI: 10.6084/m9.figshare.1281248.  
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Fig 1: Study design for the analysis of cutaneous viral and whole metagenomic 
communities. 
(A) Eight skin sites of 16 subjects were sampled. Colored text indicates the 
microenvironment classification, and each colored ball represents the occlusion status of 
the anatomical site. (B) Characteristics of the cohort sampled. (C) Flowchart illustrating 
procedures by which DNA was isolated from cutaneous swabs and sequenced for 
downstream bioinformatics analyses. 
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Fig 2: Taxonomy and diversity of cutaneous viral and bacterial metagenomic 
communities.  
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Fig 2 continued: (A,B) Taxonomic relative abundance of the viral (A) and bacterial (B) 
communities by site over time. The viral relative abundance plots show the 10 most 
abundant taxa according to virus TrEMBL annotated contigs. The bacterial communities 
show the 10 most abundant taxa according to MetaPhlAn analysis. Each bar represents 
a single sample from a subject, and the bars are separated by time point and anatomical 
location, as indicated at the top. (C,D) Nonmetric multidimensional scaling ordination 
plots of Bray-Curtis dissimilarities between virome (C) and whole metagenome (D) 
samples, showing significant clustering (p < 0.001; Adonis test) by occlusion status and 
environmental substrate. (E) Alpha diversity (Shannon diversity metric) of the virome and 
bacterial metagenome for each anatomical site. The x-axis represents median bacterial 
metagenome diversity and the y-axis represents median virome diversity. Each point is 
the median diversity of the two communities, and error bars indicate the population notch 
deviation of the median. (F,G) Viral (F) and microbial (G) Shannon diversity is presented 
by site microenvironment and occlusion, with asterisks indicating significance (p < 0.05) 
by the Kruskal-Wallis and multiple-comparison post hoc tests. Box plots were calculated 
with the ggplot2 R package. (H,I) Intrapersonal variance compared to temporal variance 
of virome (D) and whole metagenome (E) as calculated by mean (± the standard error of 
the mean) Bray-Curtis dissimilarity metric. A higher value indicates higher dissimilarity. 
An asterisk indicates statistical significance (p < 1.0-10). 
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Fig 3: Replication cycle and functional enrichment of bacteriophages on the skin.  
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Fig 3 continued: (A) Euler diagram of the phage contigs (yellow) that also contain an 
integrase gene (green), at least one prophage element per 10kb (blue), homology to a 
known bacterial genome (red), or a combination of these markers. (B) Box plot 
illustrating the percent relative abundances of predicted temperate phages per body site. 
Temperate phage contigs were defined as those contigs that contained both a phage 
gene at least every 10kb and one of the other three temperate markers. Relative 
abundance was calculated as the relative number of reads per kilobase of transcript per 
million mapped unassembled reads that mapped back to the assembled contigs. An 
asterisk indicates statistical significance at p < 0.05 by the Kruskal-Wallis and multiple-
comparison post hoc tests. (C) The distribution of exclusive OPFs associated with each 
anatomical site. (D) The distribution and UniProt annotation of the 15 core OPFs found 
across the entire virome. (E) Bray-Curtis dissimilarity of the virome samples by OPF 
relative abundance. Clustering was statistically significant (p < 0.001) by the Adonis test 
for both environmental substrate and occlusion. 
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Fig 4: Antibiotic resistance and bacterial virulence in the skin virome. (A) Relative 
abundances of predicted ARGs, according to CARD. Each bar represents a subject and 
the bars are separated by time point and anatomical location, as indicated at the top. (B) 
Flow diagram of the ARGs associated with bacteriophage contigs. The leftmost part 
shows the proportions of ARGs that colocalize on contigs with other phage genes or are 
themselves known phage-associated genes. The middle part shows the distribution of 
phage taxa that contain predicted ARGs. The rightmost part shows two annotated 
examples of ARGs colocalized on phage contigs, with the CARD-predicted ARGs in bold 
italics. (C) Similar to B, a flow diagram of the VFs associated with phages. As in panel B, 
the leftmost part shows the distribution of predicted VFs associated with phages, middle 
part shows the taxonomic distribution of those phages, and the rightmost part shows an 
annotated example. 
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Fig 5: Modeled bacteriophage-host co-occurrence associations and CRISPR 
targets within the skin virome. 
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Fig 5 continued: (A) Network analysis of the correlations between bacteriophages of 
the virome and bacteria of the whole metagenome. Bacteriophages are represented by 
yellow boxes, while the bacterial genera are represented by blue boxes. The color 
intensity indicates the overall relative abundance of the taxon. The red lines represent a 
negative correlation and the green lines represent a positive correlation. (B) Radial table 
showing bacterial CRISPR spacers (grey) that target viral phage contigs (black). The line 
colors represent the CRISPR spacer bacterial hosts. (C) Flow chart depicting the phage 
genome regions targeted by skin bacterial CRISPRs. The leftmost part shows the 
abundance of spacers that target a predicted coding region (ORF) within the phage 
genomes. The middle part is the distribution of ORFs matching a gene in the TrEMBL 
reference database. The rightmost part is the distribution of annotated coding region 
CRISPR targets. 
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Supplemental Fig 1: Contig coverage, counts, and lengths. 
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Supplemental Fig 1 continued: Shown are density histograms of each sample’s (A) 
sequence count and (B) median sequence length, grouped by skin site. The original, un-
filtered raw sequence density is colored yellow, the sequence density following quality 
trimming is colored blue, human decontaminated sequence density (which followed 
quality trimming) is colored in red, and background control cleaned densities (which 
followed human filtering) is green. (C-D) Whole-metagenome sequence statistics with 
the same format as panels A and B, except that PhiX was removed instead of the 
background control. (E) The number of unassembled reads and (F) genomic coverage of 
the assembled virome and metagenome (G-H) contigs plotted against contig length as a 
contour scatter plot. Dark blue indicates lower numbers of mapped sequences or 
coverage, while white indicates high sequence mapping or coverage. 
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Supplemental Fig 2: Quality control. 
(A) NMDS ordination plot of Bray-Curtis dissimilarity showing ranked distances between 
the background control samples (red) and experimental virome samples (blue). The 
clustering of the background control samples was statistically significantly different from 
the experimental virome samples (Adonis test; p < 0.001). (B) Expected relative 
abundances of genera in the even bacterial mock community sample, compared to 
observed relative abundances from library preparation and sequencing of the mock 
community sample. The similarity of the two profiles validates the accuracy of the 
sample preparation techniques used, such as the increase in PCR cycle number to 
overcome the low bacterial biomass of skin samples.  
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Supplemental Fig 2 continued: (C) Percentages of reads mapping to 16S rRNA 
bacterial genes in the virome and whole metagenome. There were significantly fewer 
16S rRNA gene reads in the virome than in the the whole metagenome. (D) The 
percentage of whole metagenome sequences mapping to the corresponding virome 
libraries (blastn, e-value < 1e-5), and vice versa. Significantly more sequences of the 
virome mapped back to the whole metagenome, than the whole metagenome mapped to 
the virome. (E) The average percentage of human contamination in the virome and 
whole-metagenome datasets. There were significantly fewer reads matching the human 
reference genome in the virome compared to the whole metagenome. 
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Supplemental Fig 3: Classification of VLPs. 
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Supplemental Fig 3 continued: (A) Taxonomic order classification of VLPs, 
categorized by anatomic skin location. Relative abundance based on quantification of 
unassembled reads mapping to annotated contigs. Only those taxa with a greater mean 
relative abundance of greater than 0.5% are shown. The multiple taxonomic hit 
classification (red) designates those reads mapping to contigs with multiple potential 
taxonomic identification, based on the voting-based classification scheme. Unclassified 
order (green) designates those reads mapping to contigs whose taxonomy has not yet 
been assigned at the order level, despite specific classification at other taxonomic levels. 
Relative abundance of Staphylococcus phages (B,E; green), Propionibacterium phages 
(C, F; blue) and HPV (D, G; red) by site microenvironment (B-D) and occlusion status 
(E-G). An asterisk indicates statistical significance at a p value of < 0.05 by the Kruskal-
Wallis and multiple-comparison post hoc tests. 
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Supplemental Fig 4: Multikingdom level classification of metagenomic sequence 
reads. 
MEGAN was used to calculate relative abundances of (A) kingdom level 
microorganisms, (B) bacterial genera, (C) fungal genera, and (D) viral species by skin 
site. 
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Supplemental Fig 5: Reference-dependent viral diversity by skin 
microenvironment and occlusion status. 
The taxonomic relative abundance information was used to calculate the diversity of the 
viral communities and measure their differences by skin microenvironment and occlusion 
status. Virome Shannon diversity was calculated with the R vegan package, and 
differences were calculated with the Kruskal-Wallis and multiple-comparison post hoc 
tests. There was no significant difference between skin microenvironment (A) or skin 
occlusion status (B). NMDS ordination plots of Bray-Curtis dissimilarities between skin 
microenvironment (C) and occlusion status (D). Clustering was statistically significant (p 
< 0.001) by the Adonis test for both sample sets. 
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Supplemental Fig 6: Temporal Bray-Curtis dissimilarities. 
NMDS ordination plots of Bray-Curtis dissimilarities between virome (A) and whole 
metagenome (B) samples labeled by time point. Clustering was significant (p < 0.001) by 
the Adonis test for the virome, but not the whole metagenome. (C) Jaccard similarity 
index of each patient site paired over the 1-month sampling time. The Jaccard index was 
calculated by using the inverse of the binary dissimilarity metric as calculated by the R 
base statistics package. 
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Supplemental Fig 7: Functional enrichment of bacteriophages on the skin 
(A) GOEAST gene enrichment analysis in sebaceous samples indicating that, compared 
to the whole metagenome, the virome is enriched for known viral functions, including 
viral latency functions. Increased yellow intensity indicates a stronger significance of 
enrichment. Red arrows indicate relationships between enriched elements, and empty 
black arrows indicate relationships between enriched and non-enriched elements. 
Shown is a subset of the functionally enriched GO terms under the category “biological 
processes”. (B) Heat map depicting KEGG modules (y-axis) significantly enriched (p < 
0.05) in the skin virome (red) and skin metagenome (green). Each sample is displayed 
as a column across the x-axis. The dendrogram (left axis) clusters each functional group 
by similar enrichment profiles. 
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3.13 Tables 
	
 
Supplemental Table 1: Summary of sequences throughout quality control 
processing. 
Shown are sequence counts throughout the processing steps, separated by the sites 
sampled. Negative refers to the background environmental control samples. This table is 
available online. 
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Summary of Dataset 
Contigs and ORFs 
Virome Whole Metagenome 
Assembled Contigs   
Count 74,360 913,178 
Length (Median) 971 882 
Length (Range) 500 – 276,847 500 - 178,614 
Coverage (Median) 9.61 6.55 
Coverage (Range) 0.86 – 154,647.25 0.27 – 12,192.81 
 
Supplemental Table 2: Summary of assembled contigs.  
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3.14 Supplemental Materials and Methods 
	
3.14.1 Sample collection 
 
The University of Pennsylvania Internal Review Board approved all human subject 
recruitment and sample collection. Sixteen healthy adult volunteers (ranging from 23 to 
53 years old, with a median age of 26 years), residing in Philadelphia, PA and 
surrounding areas, both male and female (female:male ratio, 1:1), were recruited to 
provide cutaneous swabs from 8 anatomical locations. Subjects were swabbed at two 
time points, with a month in between sampling. Sample collection was performed 
following informed consent by the subject. Exclusion criteria included self-reported 
antibiotic treatment (oral or systemic) six months prior to enrollment, observable 
dermatologic diseases, and significant comorbidities including HIV or other 
immunocompromised states. Subjects were instructed to avoid hand sanitizers and 
antimicrobial soaps and skincare products for 1 week prior to sample collection 
appointment. Subjects were also instructed not to shower for 24 hours prior to sample 
collection appointment. Virome and whole metagenome samples were collected at the 
same time and at the same anatomical locations on contralateral sides of the body. 
Whole metagenome swabs were collected as described previously (29) and stored at -
20°C immediately following collection. Virome swabs were collected using Catch-All 
Sample Collection Swabs (Epicentre) moistened with saline magnesium (SM) buffer 
(Crystalgen), and stored <12 hours at 4°C in 500µL SM Buffer. Virome swabs were 
prepared for short-term storage by first extracting all liquid from the swab using a DNA 
IQ spin basket (Promega) and centrifuging for one minute at 15,900xg. Chloroform 
(Fisher Scientific; 0.2 volumes) was added to the sample, gently shaken for 10 minutes, 
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and briefly centrifuged. These samples were stored for a maximum of one month at 4°C 
until further processing.  
 
3.14.2 Whole metagenome isolation and purification 
 
Whole metagenome swabs were incubated for one hour at 37°C with shaking and 0.5 µL 
ReadyLyse Lysozyme solution (Epicentre). Samples were subjected to bead beating for 
ten minutes at maximum speed on a vortex mixer with 0.5 mm glass beads (MoBio), 
followed by a 30 minute incubation at 65°C with shaking. Downstream isolation and 
purification was performed as previously described (46). 
 
3.14.3 VLP isolation and purification 
 
The VLP DNA extraction protocol was slightly modified from a previously described 
method (15). Samples were centrifuged at 21,130xg for 5 minutes and the aqueous layer 
was transferred to a new sterile tube, with care taken to ensure no chloroform was 
transferred over. Samples were treated with DNase I (Invitrogen; 3 U per sample) and 
RNase A (Roche; 1.5 µg) for 1.5 hours at 37°C with gentle shaking to remove 
background host DNA. DNase I was inactivated by incubating the sample at 65°C for 10 
min with gentle shaking. Virions were extracted by adding 50 µL sterile TE buffer (Fisher 
Scientific; pH 8.0), 5 µL 0.5 M EDTA (Gibco; pH 8.0), 500 µL formamide (Fisher 
Scientific), and 10 µL glycogen (0.2 mg per sample; Roche 20mg/mL) and then 
incubating for 30 min at room temperature. Two volumes of 100% ethanol were added 
and DNA was pelleted by centrifugation for 20 min at 10,000 xg and 4°C. Supernatant 
was removed and the pellets were washed twice with 500 µL of 70% ethanol. Pellets 
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were re-suspended in 567 µL TE buffer (Fisher Scientific; pH 8.0) and stored at -20°C for 
a maximum of 1 month, until proceeding to the next step. DNA was extracted from VLPs 
by first removing proteins by treatment with 30 µL 10% SDS (Fisher Scientific) and 3 µL 
proteinase K (Roche; 20 mg/mL) followed by incubation for one hour at 55°C with gentle 
shaking. 100 µL 5M NaCl (Sigma) was added, mixed thoroughly, followed by addition of 
80 µL CTAB (Sigma) + NaCl solution (15), gentle inversion, and incubation for 10 min at 
65°C with gentle shaking. An equal volume of chloroform:isoamyl alcohol (Sigma) was 
added to the sample, mixed by gentle inversion, centrifuged for 5 min at 8,000 xg at 
room temperature, and the aqueous layer was transferred to a new tube. This process 
was repeated with phenol:chloroform:isoamyl alcohol (Fisher Scientific), and then again 
with chloroform:isoamyl alcohol. DNA was precipitated by adding 0.7 volumes of 
isopropanol (Fisher Scientific), gentle inversion, and incubation at either -20°C for two 
hours or overnight at 4°C. DNA was pelleted by centrifugation for 15 minutes at 13,000 
xg and 4°C, and the supernatant was removed. The pellet was washed with 500 µL ice 
cold 70% ethanol followed by centrifugation for 15 minutes at 13,000 xg and 4°C. 
Supernatant was gently removed, the pellets dried, resuspended in 20 µL TE buffer 
(Fisher Scientific; pH 8.0) and placed at -20°C for short-term storage and -80°C for long-
term storage. 
 
3.14.4 Virome and whole metagenome sequencing 
 
Sequencing libraries were prepared using the NexteraXT (Illumina) library preparation kit 
according to the manufacturer’s instructions, with the exception that PCR cycles were 
increased to 18 for virome samples and 15 for whole metagenome samples. 
Additionally, instead of using the manufacturer’s NexteraXT bead-based normalization 
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protocol, we manually normalized and pooled based on DNA concentration and average 
fragment lengths. Sequencing was performed at the Penn Next Generation Sequencing 
Core on the Illumina MiSeq and/or HiSeq2500 rapid chemistry to obtain 150 bp paired 
end reads.  
 
3.14.5 VLP and whole metagenome sequence quality control and pre-processing 
 
(Script P1, Script P2, Script R1, Script R2) Sequence data were obtained in fastq 
format. Adapters were removed using cutadapt (version 1.4.1) with an error rate of 0.1 
and overlap of 10.  Low quality sequences (quality score <33) were removed using the 
standalone FASTX toolkit (version 0.0.14) with default parameters. Sequences mapping 
to the human genome were removed from the quality-trimmed dataset using the 
standalone DeconSeq toolkit (version 0.4.3) with default parameters and the human 
reference GRCh37 (49). Because a 1% spike-in of PhiX Control was added to the 
sequencing runs for quality control purposes, any sequences mapping to the PhiX174 
genome (NCBI Accession: NC_001422) were also removed from the whole 
metagenome samples using DeconSeq.  
 
Background Correction. We collected mock swab control samples for every subject at 
each time point to assess overall background contamination from either reagents and/or 
collection procedures. These mock controls were prepared and sequenced exactly as 
the experimental samples. No significant background was recovered in whole 
metagenome mock controls. VLP experimental samples and mock controls were 
compared to the NCBI non-redundant database (downloaded October 6, 2012) using 
blastn in the Blast-Plus toolkit (47) (version 2.2.0) with default parameters and e<10-3. All 
120 
	
sample sequences whose GI-numbers matched a GI-number found in its corresponding 
control were removed, except for GI-numbers with only a single sequence hit.  
Background control samples were strongly significantly different from skin samples 
following subtraction (Adonis test; p < 0.001). In order to identify the percentage of 
unknown reads in the virome and metagenome datasets, reads were subsampled to 
2500, blasted against the NCBI nonredundant database (blastn, e<10-3) and input into 
MEGAN version 5.5.3 (26) with default parameters.   
 
Virome Quality Assurance. To estimate reduction of bacterial contamination in the VLP 
dataset compared to the whole metagenome dataset, the number of sequences in each 
sample set matching reference reads in the GreenGenes 16S rRNA gene database 
(accessed July 22, 2014) were quantified using blastn (e<10-5). Previous studies have 
supported the utility of VLP DNA purification methods by comparing sequence homology 
between the whole metagenome and VLP samples (16). Because the viruses should be 
a small population in the whole metagenome samples and a dominant population in the 
VLP samples, a valuable VLP DNA purification protocol would result in a significantly 
greater number of VLP sequences matching whole metagenome sequences. Blastn (e< 
10-5) was used to quantify the number of virome sequences that match the 
corresponding whole metagenome sequence set, and vice versa.  
 
Mock Community Analysis.  To ensure that our library preparation and sequencing 
techniques were accurately depicting microbial community composition, we sequenced 
HM-782D Genomic DNA from Microbial Mock Community A (Even Low Concentration) 
in parallel with our experimental samples.   
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Contig Assembly. Any reads missing their corresponding paired end were removed and 
paired-end reads were concatenated into a single file and converted to fasta format. 
Contigs were assembled using the Ray Assembly toolkit (50) (version 2.3.1), using 
default parameters, with a minimum contig length of 500bp.  
 
Open Reading Frame (ORF) Prediction. ORFs were predicted and extracted from 
contigs using the Glimmer3 toolkit (version 3.02) (58) and a minimum length threshold of 
100 amino acids. 
 
3.14.6 VLP sequence analysis 
 
Taxonomic annotation and relative abundance (Script P4, Script R4). The translated 
amino acid sequences of predicted ORFs from the VLP contigs were matched against a 
custom subset of the entire UniProt TrEMBL database that contained only virus and 
phage reference genes, using blastx (e<10-5; database generation details in Script P4) 
(51). Each contig was assigned taxonomy based on the most abundant taxa contained 
within that contig using a voting system as described previously for virus taxonomic 
assignment (22). In brief, the voting system first annotated each ORF of a contig of 
interest with the best-hit virus taxonomy. It then compared all of the taxonomic 
assignments of the ORFs within the contig of interest, and annotated the contig with the 
majority ORF assignment. Contigs with less than one ORF per 10kb were not assigned 
taxonomy as this suggests a contig of only limited similarity (22). Contigs without a 
majority ORF taxonomic assignment due to ties of multiple major taxa were assigned as 
having multiple possible taxonomic annotations. Because some contigs shared the same 
taxonomic identities, the contig table was collapsed by taxonomic identity, meaning the 
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contig relative abundances were summed if they shared identity. Although the contigs 
shared taxonomic identity, we confirmed a lack of contig nucleotide redundancy by 
comparing all of the contigs to each other (blastn; e-value < 1e-25). No contigs mapped 
to any other contigs. After contigs were assigned taxonomy, taxonomic relative 
abundances of the contigs were calculated by mapping back all unassembled reads to 
the contigs using Bowtie 2 (version 2.1.0) (48) with a seed length of 25 and one 
mismatch allowed per seed. The numbers of reads mapping to each contig were 
quantified on a per sample basis. The mapped sequence counts, contig lengths, and 
total sequence counts were used to normalize the sequence counts and represent the 
RPKM (reads per kilobase per million) of each sample to the contigs. These values were 
used to generate an OTU relative abundance table (each unique contig represented an 
OTU), which was annotated with the taxonomy described above. For more details, 
please see the supplemental source code and archived intermediate files.  It is important 
to note that the definition of a bacteriophage species remains a point of active 
discussion, and thus a phage species was defined by the identity of a contig’s predicted 
ORFs to an existing reference phage genome. Because reference-dependent methods 
of analyzing virus and phage communities can be somewhat controversial and rely on 
relatively small reference databases, we also use several reference-independent 
analyses, as described below. 
 
Diversity analysis (Script P5, Script R5, Script R6). Virome alpha diversity was 
calculated using PHACCS (PHAge Communities from Contig Spectrum; version 1.1.3) 
(52). Circonspect (version 0.2.6) was used with default parameters to calculate the 
contig spectrum of each sample (30). GAAS (Genome relative abundance and Average 
Size; version 0.17) was used to predict the average virus genome size for each sample 
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(e < 1e-3, database generation details in Script P5) (53). Virome beta diversity was 
assessed using a Bray-Curtis dissimilarity matrix calculated from the un-annotated 
contig OTU relative abundance table. The data were visualized in 3D using the meta-
MDS (k=3) optimal clustering functionality of VEGAN (CRAN) (54), and statistical 
significance was assessed using the adonis test. 
 
Intrapersonal vs Interpersonal Diversity (Script R7). The contig relative abundance table 
used for Bray-Curtis dissimilarity calculation was used to calculate virome intrapersonal 
and interpersonal dissimilarity. Intrapersonal dissimilarity was defined as the Bray-Curtis 
dissimilarity measured between a specified subject’s anatomical site and that same site 
again one month later. Interpersonal diversity was defined as the Bray-Curtis 
dissimilarity measured between a specified subject’s anatomical site and any other given 
site or subject from the same time point. Statistical significance was assessed using a 
two-tailed t-test.  The Jaccard similarity index was used to quantify the number of 
intrapersonal contigs shared between time points.    
 
Detection of human polyomavirus (Script P6). Unassembled VLP and whole 
metagenome sequences, prior to DeconSeq human sequence filtering, were queried 
against a custom database of reference HPyV genomes, containing 61 complete HPyV 
genomes from the NCBI RefSeq and GenBank databases, obtained using the search 
terms "human polyomavirus AND complete genome”.  
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3.14.7 Whole metagenome sequence analysis 
 
Taxonomic annotation and relative abundance (Script P7, Script R8, Script R9). Whole 
metagenome sequences were taxonomically classified using MetaPhlAn version 1.7.7 
(24, 25) and MEGAN version 5.5.3 (26). Sequences <80 nucleotides long were removed 
from the quality trimmed, DeconSeq filtered fastq files and one of the paired reads (SE1) 
was input into MetaPhlAn using default parameters. Additionally, assembled contigs 
were queried against the NCBI non-redundant database (blastn; e<10-10) and output was 
run through MEGAN on the command-line (minSupport=5, minComplexity=0.3). 
 
Diversity analysis (Script R5, Script R10). Alpha diversity was calculated in VEGAN 
using the biom table generated from MetaPhlAn output. Beta diversity was calculated in 
VEGAN using the whole metagenome contig OTU relative abundance table, utilizing the 
same methods as applied to virome samples. 
 
Intrapersonal vs Interpersonal Diversity (Script R10). This analysis was performed using 
the contig relative abundance table, similar to what was described above in the VLP 
analysis section.  
 
3.14.8 Virome & bacteria metagenome diversity comparison 
 
(Script R5) The median virome and metagenome Shannon diversity of each anatomic 
site was calculated with the population notch deviations (PND). PND was calculated as 
PND=(1.58*IQR)/sqrt(N) where IQR is the interquartile range and N is the number of 
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samples. This was done according to the boxplot notch calculation described in the 
ggplot2 R package (55), as well as in McGill et al (56). 
 
3.14.9 Prediction of bacteriophage replication cycle distribution 
 
(Script P8, Script R11) Integrase protein references were collected from the UniProt 
TrEMBL and Swiss-Prot databases using the search terms “organism:phage AND 
integrase” (accessed data: September 02, 2014). The ACLAME database version 0.4 
was used to annotate prophages (32). Whole bacterial genomes were obtained from 
NCBI with the following path: <ftp://ftp.ncbi.nih.gov/genomes/Bacteria/all.fna.tar.gz>. The 
taxonomic summary reference information was obtained from: 
<ftp://ftp.ncbi.nih.gov/genomes/Bacteria/summary.txt>. Blastx (e < 10-5) was used to 
identify contigs containing at least a single integrase gene, contigs containing at least a 
single ORF with homology to a prophage ACLAME gene for every 10kb, and contigs 
containing at least a single bacteriophage gene every 10kb. Blastn (>90% query length 
with >90% nucleotide similarity) was used to query contigs against the NCBI reference 
bacterial genomes. Sequences were mapped back to the temperate and lytic contigs in 
the relative abundance table mentioned above.  
 
3.14.10 Functional annotation and comparison 
 
(Script P9, Script R12) One set of the paired end reads (SE1) for each sample was 
subsampled to 10,000 sequences, queried against a reduced KEGG reference database 
version 56 (blastx; max_target_seqs 1, e < 10-10 for metagenome samples, e < 10-5 for 
virome samples) (33), and input into HUMAnN (34). ORFs subsampled at 1000 were 
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queried against the UniProt SwissProt database (blastx; max_target_seqs 1, e < 10-10 for 
metagenome samples, e < 10-5 for virome samples) and contigs were mapped to gene 
ontology IDs based on their hits. Annotated contigs were grouped by site 
microenvironment and input to the online Customized-GOEAST analysis tool (57) using 
default parameters.  
 
3.14.11 Operational protein family (OPF) & auxiliary metabolic gene analysis 
(AMGs) 
 
(Script P9, Script R13) Functional diversity and the virome core/flexible AMGs were 
defined using operational protein families (OPFs; also called protein clusters). OPFs 
were generated by clustering predicted ORFs by sequence similarity using the UCLUST 
algorithm (59) in QIIME (version 1.8.0) (60) and a 75% similarity value. A representative 
sequence was pulled from each OPF and an OPF relative abundance table was 
generated by quantifying the numbers of sequences mapping to each OPF with the 
Bowtie2 toolkit (seed length of 25, one mismatch allowed per seed). This relative 
abundance table was used to predict the core and flexible OPFs, AMGs, and beta-
diversity of OPFs by skin microenvironment, as described in detail in the supplemental 
source code. Core OPFs were defined as those that were present in all samples at a 
given anatomical site (i.e. core OPFs of the forehead were defined as those OPFs 
present in every forehead sample). Likewise, overall core ORFs were defined as those 
OPFs present in every sample. 
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3.14.12 Antibiotic resistance genes (ARGs) & virulence factor (VF) genes 
 
(Script P10, Script R14) Using blast algorithm parameters specified in previous human 
virome functionality studies (17, 36), we assessed antibiotic resistance potential by 
comparing predicted Open Reading Frames (ORFs) from the assembled virome contigs 
to the Comprehensive Antibiotic Resistance Database (CARD) (37)  \(accessed data: 
June 20, 2014; blastx; e < 10e-5). To further increase our confidence in the annotations, 
we filtered the blastx hits to keep only those with >75% identity.  Bowtie 2 (seed length 
of 25, one mismatch allowed per seed) was used to map all single end reads (SE1) from 
each sample to the CARD-annotated ORFs.  The number of sequences mapping to 
each ORF, in addition to the total number of sequences per sample and the length of 
each ORF, were used to calculate RPKM values and create a relative abundance table. 
Numbers of contigs containing both ARGs and bacteriophage genes were quantified, 
and taxonomy was assigned to the contigs containing ARGs. Contig annotation was 
performed using our custom scripts, and visualization of ORFs within contigs was 
performed in Geneious Basic (62) (Version 5.6.4). VF gene annotation, quantification, 
and visualization were implemented referencing the Virulence Factor Database (VFDB; 
Downloaded September 15, 2014) (61), following the same methods as ARG analysis. 
 
3.14.13 Inferred interactions between phage and bacteria 
 
(Script P11, Script R15) A network of correlations between the relative abundances of 
bacterial genera from MetaPhlAn output and UniProt TrEMBL classified phages was 
constructed with CoNet (63) in Cytoscape v3.1.1 (64).  Bacterial and phage abundances 
were input into CoNet as separate matrices and taxa that were not present in at least 84 
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samples (based on recommended computed matrix information and specified with the 
minimum row filter) were filtered, and the sum of filtered rows was retained.  We 
selected five different methods (Pearson and Spearman correlation metrics, the Mutual 
Information similarity metric, and Bray Curtis and Kullback-Leibler distance metrics) for 
ensemble inference of the network. Multiple measures were used to reduce false 
correlations and compositional biases.  Thresholds were set automatically so that each 
method contributed the 250 top-ranking and 250 bottom-ranking edges to the network. 
P-values were computed from method- and edge-specific permutation and bootstrap 
score distributions, as follows. A random score distribution was generated using 100 
permutations with the edgeScores routine, the row shuffling resampling method, and the 
renormalization option. The distribution was run with 100 bootstraps, p-values from the 
multiple metrics were combined using Simes’ method (65), and FDR correction was 
performed (66). Unstable edges, with edge scores outside of the 2.5 and 97.5 
percentiles of the bootstrap distribution, were removed.  Only interactions supported by 
two or more of the metrics specified above were retained. Network analysis was 
performed with the Cytoscape NetworkAnalyzer plugin (67).  
 
3.14.14 CRISPR identification and comparison to the virome 
 
(Script P12, Script R16) Putative CRISPR arrays were identified using PilerCR (68). 
Consensus repeat sequences were extracted from the PilerCR output and exact 
duplicate sequences, reverse complements, and repeats less than 20nt long were 
removed. When repeats only differed by 2 nucleotides on either end, the shorter repeat 
was retained. Spacers ≤100 nucleotides long were identified by flanking repeats and 
extracted from the metagenome individual sample contigs. In order to identify viral 
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targets, the spacers were queried against each viral contig using blastn. Because the 
spacer sequences are short, matches of 97% identity or greater were required, and hits 
deviating >3 nucleotides in length were rejected. Metagenomic reads containing 
CRISPR spacers were queried against the NCBI non-redundant database (blastn; e<10-
10) for host taxonomic classification. Metagenome-virome CRISPR interaction plots were 
generated using Circos (69).  To determine whether the CRISPRs were targeting coding 
or non-coding regions in phage, CRISPR spacers were queried against ORFs from the 
viral contigs that the spacers mapped to (blastn; e<10-10, 97% identity). ORFs targeted 
by spacers were queried against the UniProt TrEMBL database using blastx (e<10-10). 
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CHAPTER 4 – COMMENSAL MICROBIOTA REGULATE GENE 
EXPRESSION IN THE SKIN 
	
The contents of this chapter are submitted for publication as: 
 
Meisel JS, Sfyroera G, Bartow-McKenney C, Gimblet C, Bugayev J, Horwinski J, 
Kim B, Brestoff JR, Tyldsley AS, Zheng Q, Hodkinson BP, Artis D, Grice EA. 
Commensal microbiota regulate gene expression in the skin. 
 
4.1 Summary 
	
The skin harbors complex communities of resident microorganisms, yet little is known of 
their physiological roles and the molecular mechanisms that mediate cutaneous host-
microbe interactions. We profiled skin transcriptomes of mice reared in the presence and 
absence of microbiota to elucidate the range of pathways and functions modulated by 
cutaneous microbiota. A total of 2,820 genes were differentially regulated in response to 
microbial colonization and were enriched in Gene Ontology terms related to the host 
immune response and epidermal differentiation. Immunohistochemistry and FACs 
analysis confirmed gene expression changes and showed increased terminal 
differentiation in skin colonized by microbiota. Finally, we identified transcriptional 
signatures of microbial regulation common to different body habitats and signatures 
shared in skin disorders with altered host-microbe interactions. Here, we establish a 
critical resource for understanding the genome-wide implications of microbially-mediated 
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gene expression and emphasize prospective ways in which the microbiome contributes 
to skin health and disease. 
 
4.2 Introduction 
	
As a barrier to the external environment, the skin harbors microbial communities that are 
both topographically diverse and temporally complex (Grice et al., 2009; Grice and 
Segre, 2011; Hannigan et al., 2015; J. Oh et al., 2014). These microbes are postulated 
to have important functions in skin health (Grice and Segre, 2011), including colonization 
resistance to block invasion of pathogenic bacteria and regulation of the cutaneous 
inflammatory and immune response (Lai et al., 2009; Naik et al., 2012). The skin must 
sense, interpret, and respond to microbial signals from the environment, orchestrating 
responses appropriate for the stimuli while maintaining barrier function and protecting 
itself from pathogenic infection. 
 
Abnormal host-microbe interactions are associated with cutaneous disorders like atopic 
dermatitis, acne, and psoriasis (Kennedy et al., 2016; Kobayashi et al., 2015; Kong et 
al., 2012), but the exact mechanisms underlying the microbial contributions to disease 
development and progression are currently unknown. Identifying the complete range of 
host functions and pathways evoked by the skin microbiota will improve our 
understanding of disease pathogenesis and reveal new preventative and therapeutic 
targets. 
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The full extent of cutaneous functions regulated by the skin microbiota remains unknown 
and previous work has focused heavily on characterizing the response of specific 
pathways to microbial colonization. Recent work in mouse models demonstrates that the 
commensal microbiota, along with hair follicle morphogenesis, is responsible for 
recruitment of regulatory T cells during neonatal life (Scharschmidt et al., 2017). 
Regulatory T cells additionally establish and mediate immune tolerance to skin 
commensal bacteria during a defined window of development (Scharschmidt et al., 
2015). Skin commensal bacteria also promote interleukin 1 (IL-1) signaling and effector 
T cell functions, suggesting a role for the microbiota in driving and/or mediating 
inflammatory skin disorders (Naik et al., 2012). Other work has highlighted the 
contributions of specific types of bacteria in inducing T cell responses via interactions 
with skin-resident dendritic cell subsets (Naik et al., 2015). Complement, an ancient and 
evolutionarily conserved arm of the innate immune system, may also be regulated in the 
skin by colonization with the commensal microbiota (Chehoud et al., 2013). While these 
studies and others have established roles for the microbiota in shaping cutaneous 
immunity, the broad spectrum of host functions that are elicited and/or mediated by the 
microbiota, as well as their underlying molecular mechanisms, remains uncharacterized. 
 
Here we aimed to identify the molecular signals that mediate the cutaneous host 
response to the resident skin microbiota on a genome-wide scale, thereby elucidating 
the full range of cutaneous functions evoked by the microbiome. We used sterile, germ 
free mice that have never been exposed to microbiota and compared their cutaneous 
transcriptome to that of mice conventionally raised in the presence of microbiota. We 
reasoned that, similar to previous work performed in the gastrointestinal tract (Camp et 
al., 2014; 2012; Hooper et al., 2001; Larsson et al., 2012; Morgun et al., 2015; Richards 
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et al., 2016; Vétizou et al., 2015), this experimental design would allow us to identify 
genes and pathways in the skin under transcriptional modulation by the microbiome.  
 
Differentially expressed genes were enriched for those related to immunity and 
epidermal differentiation and development. Further analysis revealed an enrichment of 
microbially-regulated genes in the epidermal differentiation complex, a syntenic cluster 
of genes regulated in a tissue-specific manner with critical roles in epidermal barrier 
formation (I. Y. Oh and de Guzman Strong, 2017). Analysis of coordinately regulated 
genes suggests that genes under the transcriptional control of Klf-4, AP-1, and SP-1 are 
microbially regulated. We further identify genes that are similarly regulated by the 
microbiota in both the skin and gastrointestinal tract, highlighting commonalities in the 
molecular signals that govern host-microbe interactions at both barrier sites. Finally we 
identify transcriptional signatures of microbial regulation that are shared in two common 
skin disorders with altered host-microbe interactions: atopic dermatitis and psoriasis. 
Collectively, this work provides a critical foundation and resource for understanding 
cutaneous gene regulation by the microbiota, while establishing the molecular signals 
governing host responses to microbial colonization.  
 
4.3 Results 
 
4.3.1 Commensal microbiota modulate the cutaneous transcriptome 
 
To measure the genome-wide impact of microbial colonization on cutaneous gene 
transcription, we sequenced and compared the mRNA transcriptome of skin from mice 
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raised in the absence of microbiota to conventionally raised mice (Fig 1A). Poly-A 
enriched RNA isolated from murine germ free (GF; n=9) and specific pathogen free, 
conventionally raised (SPF; n=7) skin was sequenced on the Illumina HiSeq 2000 to 
obtain over 1.2 billion paired-end reads (median of 60 million reads per sample, see 
Table S1 for sample summaries) of good quality (Fig S1A). Reads were mapped to the 
mouse reference genome using the STAR aligner (Dobin et al., 2013), in conjunction 
with AlignerBoost (Zheng and Grice, 2016). Of reads that aligned to the mouse 
reference genome, an average of 88% of reads per sample were assigned to a feature 
(Fig S1B), and the majority mapped to protein coding RNA (Fig S1C) with sufficient 
coverage (Fig S1D). Gene counts were filtered and normalized in NOISeq (Tarazona et 
al., 2015; 2011), yielding a total of 15,448 features for analysis (Dataset S1). ARSyNseq 
(Nueda et al., 2012) was used to control for batch effects associated with different 
sequencing runs.  
 
Biological replicates of GF and SPF skin cluster together as demonstrated by non-metric 
multidimensional scaling (Fig 1B). A total of 2,820 genes were differentially expressed 
between GF and SPF skin (FDR corrected p-value < 0.1, Fig 1C, Dataset S1). Of these, 
730 genes were differentially expressed by a two-fold difference or greater between GF 
and SPF skin: 408 up regulated and 322 down regulated in the absence of microbiota.  
 
Weighted gene correlation network analysis (WGCNA) (Langfelder and Horvath, 2008), 
an unsupervised method for correlating patterns of gene expression, created a scale-
free network with 13 cutaneous gene modules (Fig 1D, Fig S2A-C, Dataset S2). Briefly, 
WGCNA uses correlations between genes to construct a co-expression network and 
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identifies modules of densely interconnected genes using the topological overlap 
measure and unsupervised clustering. Ninety percent of all genes were assigned to 
modules, with the majority belonging to the blue and turquoise modules (5259 and 5613 
genes respectively). Genes in each module were significantly enriched in different 
biological processes, including the immune response (blue), RNA processing and 
metabolic processes (turquoise), inflammatory response and keratinocyte differentiation 
(yellow), and transport (brown) (Table S2). While colonization status clustered closely to 
and was correlated with the yellow module (ρ=0.45, p=0.08), only the blue (ρ=0.6, 
p=0.01) and turquoise (ρ=-0.58, p=0.02) modules were significantly correlated with the 
presence of microbiota (Fig S2D). The majority of differentially expressed genes (DEG) 
down regulated in SPF skin were assigned to the turquoise and brown modules, while 
those up regulated in SPF skin were predominantly found in the blue and yellow 
modules (Fig 1D). 
 
4.3.2 Cutaneous immune response genes are differentially regulated by resident 
microbiota 
 
Gene ontology (GO) (Ashburner et al., 2000) analysis of the 730 DEGs with >2-fold 
difference in expression revealed a variety of biological processes modulated by the 
commensal microbiota (Dataset S3), including “immune response” (FDR corrected p-
value 3 x 10-24, Fig 2A). DEGs contained within GO terms related to the immune 
response were generally up regulated in SPF skin (Fig 2B). For instance, of the 428 
genes in our dataset that were characterized by the GO term “innate immune response”, 
82 are differentially expressed (Fig 2C). Seventy-two of these “innate immune response” 
DEGs are up regulated in SPF skin, and include genes encoding pattern recognition 
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receptors (Tlr1, Tlr7, Tlr8, Tlr9 Tlr13), interferon regulatory factors (Irf7), and the 
complement cascade (C3, C1qa, C1qb, C1qc, Cfp, Cfb, C3ar1). DEGs encoding 
antimicrobial proteins were also up regulated in SPF skin, including Slpi and Ccl6. 
 
Molecular function GO terms enriched in the DEGs contained terms related to host-
microbe interactions and the immune system, such as “cytokine activity” (GO:0005125), 
“cytokine receptor binding” (GO:0005126), “toll-like receptor binding” (GO:0035325), and 
“interleukin-1 receptor binding” (GO:0005149) (FDR corrected p-values all < 0.05). 
Analysis of DEGs within the GO term “cytokine activity” revealed differential expression 
of cytokines/chemokines involved with homing of T cells to the skin, including Tslp, 
Cxcl9, and Ccl28, all up regulated in SPF skin. Interleukin-1 family cytokine genes were 
also up regulated in SPF skin compared to GF, including IL-1β, Il-33, Il1f8 (also known 
as Il-36β), Il1f9 (also known as Il-36γ). In particular, IL-36γ has been implicated in plaque 
psoriasis (D'Erme et al., 2015), and Cathepsin S (Cpss), recently shown to activate IL-
36γ (Ainscough et al., 2017), was also up regulated in SPF compared to GF skin. Genes 
encoding pro-inflammatory cytokines, such as Il-33, were up regulated by the microbiota, 
as were anti-inflammatory cytokines such as Il-10. 
 
KEGG (Kyoto Encyclopedia of Genes and Genomes) (Kanehisa and Goto, 2000) 
pathway analysis corroborated enriched GO terms and identified significant enrichment 
of the pathways “complement and coagulation cascades” (ko04610), “Staphylococcus 
aureus infection” (ko05150), “cytokine-cytokine receptor interaction” (ko04060), and “toll-
like receptor signaling pathway” (ko04620) (FDR corrected p-value < 0.05). 
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4.3.3 Analysis of skin immune cell populations supports gene expression findings 
	
Because the skin is composed of heterogeneous cell populations, and differential 
infiltration by immune cell subtypes may account for some differences in observed gene 
expression, we compared GF and SPF skin cellular populations. Toluidine blue staining 
for mast cells did not reveal significant differences in counts between SPF and GF skin 
(Fig S3A), nor did immunofluorescence staining of CD3, a pan-T cell marker (Fig S3B).  
 
Flow cytometry was used to further quantify a variety of different cell populations in the 
skin of SPF and GF mice. No significant differences were observed between GF and 
SPF skin in frequency of myeloid (CD11b+) cells, dendritic (CD11c+) cells, neutrophils 
(Ly6G+), non-hematopoietic (CD45-) cells, or T cells (CD3+) (Fig 2D). In SPF skin, 
however, Ly6C+ monocytes were significantly increased in frequency (Fig 2D). We also 
saw increased IL-1α production in myeloid, dendritic, macrophage, and non-
hematopoietic cell populations in SPF compared to GF skin (Fig S3C), similar to 
previous reports of the cutaneous immune microenvironment (Naik et al., 2012). 
Although the frequency of F4/80+ macrophages did not differ (Fig 2D), an increased 
frequency of IL-1β producing F4/80+ macrophages was observed in SPF skin, in line 
with our RNA sequencing data that identified IL-1β as differentially expressed (Fig 
S3C,D). Overall, these results support our transcriptome findings of differential gene 
expression related to cytokine activity and the immune response and confirm previous 
reports of the cutaneous immune microenvironment.  
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4.3.4 Epidermal differentiation is regulated by the commensal microbiota 
 
The GO term “keratinocyte differentiation” was significantly enriched in DEGs (FDR 
corrected p-value 2.2 x 10-5, Fig 2A). Of the 101 genes in our dataset that fall under this 
category, eight were significantly down regulated and 12 were significantly up regulated 
in response to microbial colonization. Notably, nine of these genes are found in the 
epidermal differentiation complex (EDC), a cluster of genes found on murine 
chromosome 3 encoding proteins involved in terminal differentiation and cornification of 
keratinocytes and implicated in cutaneous diseases such as psoriasis and atopic 
dermatitis (de Guzman Strong et al., 2010). There are 61 total genes in the murine EDC; 
33 were retained in our filtered, normalized dataset, 27 were significantly differentially 
expressed between GF and SPF mice, and 12 of these DEGs had at least a two-fold 
change in expression (Fig 3A). This includes late cornified envelope genes (Lce1d, 
Lce1e, Lce1f, Lce1g, Lce1h, Lce1i, Lce1j, Lce1k) and small proline rich region genes 
(Sprr1a, Sprr2a3, Sprr4), which encode cornified envelope precursors with protein cross-
linking function, all up regulated in SPF compared to GF skin. Other DEGs localizing to 
the EDC included those encoding the S100 small calcium binding proteins. These 
include S100a7a (psoriasin) and S100a9, both encoding antimicrobial and/or 
chemotactic proteins which are expressed under a variety of epidermal insults including 
psoriasis and wound healing (Thorey et al., 2001). Additionally, Flg and Rptn are DEGs 
encoding the structural proteins filaggrin and repetin, respectively, and were up 
regulated in SPF mice.  
 
DEGs outside of the EDC but also involved in keratinocyte differentiation included the 
cell adhesion protein cadherin-3 (Cdh3); hornerin (Hrnr), a filaggrin-like S100 protein; 
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and keratin 16 (Krt16) a structural protein recently shown to regulate innate immunity in 
response to epidermal barrier stress (Lessard et al., 2013). Genes up regulated in GF 
mice included those encoding the transcription factors Msx2 and Foxn1. Notably, Foxn1 
knockout results in the nude phenotype, characterized by skin defects including impaired 
keratinization and hair formation (Köpf-Maier et al., 1990), and genetically interacts with 
Msx2 upstream of the Notch signaling pathway (Cai et al., 2009). 
 
The enrichment of DEGs annotated with the “keratinocyte differentiation” GO term 
prompted us to further examine other gene subsets that are involved in the development 
and differentiation of the epidermis. This revealed a variety of transcription factors and 
regulators critical to skin developmental processes including Ptch2, Sox9, Edar, Wnt10b, 
Hoxc13, all of which were up regulated in GF compared to SPF skin (Fig 3B).  
 
To further investigate these findings and the potential structural consequences to the 
skin barrier, we assessed gross morphology of SPF and GF skin by performing 
hematoxylin and eosin staining of histological sections. As shown in Fig 3C, no 
differences in the thickness of epidermis or other structural alterations were observed. 
Immunofluorescence was also used to visualize markers for differentiation, proliferation, 
and injury. Staining for cytokeratin 6a (K6A) did not differ between SPF and GF mice 
and was localized to the hair follicle (Fig 3D), the site of constitutive expression. Since 
K6A expression in the interfollicular epidermis is a hallmark response to wound healing 
(Paladini et al., 1996), we conclude that the barrier integrity is similar in SPF and GF 
mice. Supporting this, the gene encoding K6a (Krt6a) was not differentially expressed. 
Ki-67, a marker of cellular proliferation (Scholzen and Gerdes, 2000), was significantly 
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increased in GF skin (Fig 3E), corroborating the finding that the gene encoding Ki-67 
(Mki67) was also significantly up regulated in GF skin. Loricrin, a major component of 
the cornified envelope and a marker of keratinocyte terminal differentiation (Bousema et 
al., 1991), appeared qualitatively to be increased in SPF skin by immunofluorescence 
(Fig 3F), suggesting increased terminal differentiation in SPF compared to GF skin. 
Together, our transcriptional and histological findings suggest that the balance between 
epidermal proliferation and differentiation is altered in response to microbial colonization. 
 
4.3.5 Colonization state shifts gene expression networks for epidermal 
differentiation and development processes 
 
To investigate gene-gene regulatory relationships, we identified gene pairs with similar 
expression patterns in GF and SPF states using differential gene correlation analysis 
(DGCA) (McKenzie et al., 2016). We focused on a subset of all DEGs with high relative 
expression, moderate to high dispersion, and significant co-expression patterns across 
both colonization conditions. Post-filtering, 661 genes were positively correlated with at 
least one other gene and 14,707 of 230,860 possible gene pairs were significantly 
positively correlated in both SPF and GF skin (Fig 4A). Additionally, 605 of these 14,707 
positively correlated gene pairs exhibited a significant change in correlation between the 
two colonization states, indicating an underlying change in modular connectivity profiles. 
Notably, Loricrin, which encodes a major component of the cornified envelope, and 
Serpina12, a serine protease inhibitor that has been implicated in the keratinocyte 
desquamation process (Ishida-Yamamoto and Igawa, 2015; Toulza et al., 2007), are 
both significantly up regulated in the presence of commensal microbiota and are also 
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significantly positively correlated in GF and SPF conditions (Fig 4B). However, there is a 
significant difference in empirically derived Z-scores corresponding to the correlation 
coefficients of the two genes in SPF compared to GF skin (Fig 4B, q < 0.05), suggesting 
an alteration in the gene networks controlling epidermal development in response to 
microbial colonization. 
 
Genes with positive correlations in both colonization states (n=661) were further 
scrutinized for shared transcription factor binding sites in oPOSSUM3 (Kwon et al., 
2012). For improved resolution, these genes were also stratified by whether they were 
up regulated in GF (n=196) or SPF (n=465) skin. Twenty-eight total transcription factors 
(TF) were enriched in our positively correlated gene list (Fig 4C, Fig S4). Strikingly, Klf4, 
an important regulator of epidermal differentiation and barrier formation (Jaubert et al., 
2003; Segre et al., 1999), was the most significant TF across all three gene groupings, 
validating the relevance of our selected gene set.  
 
Other significantly enriched TFs, such as SP-1 and AP-1, were more discriminatory of 
colonization status than Klf4. In our analysis, SP-1 was more significant in predicted 
regulation of GF compared to SPF genes, while, AP-1 was predicted to be more 
significant in regulating SPF genes when considering the Fisher score metric (Fig 4C). 
SP-1 has been implicated in regulating epidermal barrier function, and in conjunction 
with AP-1, regulates keratinocyte-specific gene expression in vitro (Nakamura et al., 
2007). Klf4 and SP-1 have predicted binding sites in both Loricrin and Serpina12, while 
AP-1 is predicted to only target Loricrin. Together, these findings suggest that the 
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commensal microbiota differentially regulates underlying gene networks under the 
control of these TFs in the skin. 
 
4.3.6 DEGs under microbial regulation are common to the skin and 
gastrointestinal tract 
 
Modulation of gene expression by the gut microbiota has been extensively studied in 
gastrointestinal tissues (Camp et al., 2014; Hooper et al., 2001; Larsson et al., 2012; 
Morgun et al., 2015; Richards et al., 2016). To determine if genes and pathways are 
similarly regulated by microbial colonization in both the skin and gastrointestinal tract, we 
compared our dataset to a 2015 study that examined gene expression profiles of control 
(conventionally-raised SPF) mice to GF mice and mice treated with antibiotics to deplete 
microbiota (Morgun et al., 2015). Our data shared 995 of these DEGs; 55 of which were 
significant with at least a two-fold change in expression in both datasets (Fig 5A). For 
each gene, Morgun et al. attributed the observed differential expression in the gut tissue 
to direct effects of antibiotics on host tissue (ABx), depletion of normal microbiota in the 
gut (M), and/or growth of antibiotic resistant bacteria (ABresM). Compellingly, genes 
under microbial regulation in both the skin and GI tract were mainly attributed to the 
depletion of the normal microbiota, rather than to side effects of antibiotic usage (Fig 
5A).  
 
The 37 DEGs shared in the gut and skin that are up regulated during microbial 
colonization include genes related to the immune response, such as the complement 
cascade (C1qc, C1qb), cytokines and chemokines (Il-33, Ccr2, Ccr5, Ccl5, Ccl6, Cxcl8, 
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Cxcl9), and toll-like receptors (Tlr1) (Fig 5B). Eight genes were down regulated by the 
microbiota in both skin and gut. Interestingly, three of these genes encode mitochondrial 
proteins involved in solute transport (Slc25a37), oxidative demethylation (Sardh), and 
acyl-CoA metabolism (Acsm3), suggesting conserved roles for the microbiota at both 
tissue types in cellular metabolism. Ten genes were differentially regulated in opposite 
directions in the gut and skin in response to microbial colonization.  
 
 
4.3.7 Microbially regulated genes overlap with transcriptome signatures of atopic 
dermatitis and psoriasis  
 
The microbiome is hypothesized to play a role in cutaneous disorders, such as atopic 
dermatitis (AD) (Kobayashi et al., 2015; Kong et al., 2012) and psoriasis (Alekseyenko et 
al., 2013). We reasoned that transcriptional signatures of these diseases that are shared 
with our dataset might identify pathways and genes underlying a microbial component to 
disease pathogenesis. Thus, we searched publicly available gene expression datasets 
of AD lesions (Suárez-Fariñas et al., 2015) and psoriatic plaques (Li et al., 2014) for 
transcriptional signatures that overlapped with our dataset. We identified microbially 
regulated DEGs that uniquely overlapped with psoriasis (Fig S6) and AD DEGs (Fig 
S6), as well as 31 DEGs that were differentially expressed in both disease states (Fig 6). 
These shared genes include some found in the EDC (Sprr1a, S100a9), as well as some 
involved in keratinocyte differentiation (Krt16) and cellular proliferation (MKi67). 
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4.4 Discussion 
 
As a barrier to the external environment, the skin must effectively orchestrate gene 
expression programs to establish host-microbe commensalism and maintain cutaneous 
barrier function. Here, by integrating microbiome research with transcriptional genomics, 
we investigated cutaneous gene expression profiles from GF and SPF mice to determine 
how the skin interprets exposure to the commensal microbiota on a genome-wide scale. 
We identified a previously supported role for the microbiota in regulating immune 
response pathways in the skin, and more surprisingly revealed that the microbiota 
influences epidermal development and differentiation pathways. We also identified 
commonalities in the genes and pathways regulated by the microbiota in the gut and 
skin, as well as microbially-regulated genes that similarly characterize atopic dermatitis 
and psoriasis lesions. Together, these findings provide novel insight for understanding 
the fundamental and diverse cutaneous functions imparted by the commensal microbiota 
and establish a critical resource for further exploration.  
 
Previous work has established cell-type-, micro-organism- and pathway-specific roles for 
the skin microbiota in cutaneous immunity. For example, different skin resident microbes 
can control expression of antimicrobial peptides (Gallo and Hooper, 2012). Cutaneous 
IL-1 signaling has also been shown to be augmented by the commensal microbiota, 
subsequently promoting effector T cell functions (Naik et al., 2012). Commensal 
microbes are also responsible for accumulation of regulatory T cells via a Ccl20-Ccr6 
axis in neonatal skin (Scharschmidt et al., 2017). The work herein collectively confirms 
these findings at the transcriptome level, while revealing additional immune pathways 
and responses elicited by the skin microbiota.  
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Our high-throughput approaches revealed significant transcriptional differences in 
response to microbial colonization. Network analyses identified co-expressed gene 
modules in the cutaneous transcriptome. Particularly, two gene expression modules 
including a significant proportion of genes under microbial regulation contribute to the 
host immune response. Up regulation of innate immunity genes in the presence of 
microbes could be associated with the higher levels of IL-1α observed in SPF compared 
to GF skin. It is important to note that these expression differences are not accompanied 
by an increase in overall inflammation, supporting the role of the microbiome in priming 
the cutaneous immune response.  
 
Our data suggest an increase in the proliferative capacity of GF skin and the microbial 
regulation of genes in the EDC. The enrichment of DEGs in this syntenic and relatively 
gene-dense region may suggest some interaction between the microbiome, the 
epigenome, and other regulatory mechanisms. While previous work has shown that 
genes in the EDC are coordinately regulated (de Guzman Strong et al., 2010), it is 
intriguing to hypothesize that this regulation may in part be modulated by the microbiota. 
We identified putative transcription factors associated with differentially expressed, 
differentially correlated genes. Although further investigation is required to elucidate the 
exact mechanisms, our data suggest that genes regulated by transcription factors such 
as Klf4, AP-1, and SP-1 may be regulated in a colonization dependent manner. A similar 
phenomenon described in the gastrointestinal tract demonstrates that hundreds of genes 
under negative regulation by the transcription factor Hnf4 in zebrafish are microbially-
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regulated, many of which were homologs of genes associated with human inflammatory 
bowel diseases (Davison et al., 2017). 
 
Another noteworthy finding is the characterization of genes that are transcriptionally 
modulated by the microbiome in both the gut and the skin, suggesting that while 
microbiota across different tissues induce niche-specific gene expression changes, they 
also stimulate similar host immune responses. Additionally, we compared our dataset to 
gene expression data from psoriasis and AD disease states to identify common 
transcriptional signatures. Although the comparison between GF/SPF mice and disease 
plaques or lesions and healthy control skin is not as obvious, psoriasis and AD are both 
associated with compositional shifts in the skin microbiome (SanMiguel and Grice, 
2014). The overlapping transcriptional signatures may suggest pathways that are 
modulated by the microbiota in the disease state. While dysbiosis is unlikely to be the 
main trigger of psoriasis or AD, it may have a role in disease exacerbation and/or 
maintenance, and understanding the underlying host-microbe interaction component of 
the disease may lead to improved therapies.  
 
A limitation of this study is that in this model system it is not possible to separate the 
effects of gut microbiota from skin microbiota. It is possible that the gut microbiota 
influences processes at distal epithelia such as the skin, through intestinal absorption of 
microbiota-derived metabolites into the bloodstream or through effects on immune cell 
stimulation and/or programming (O'Neill et al., 2016). Similarly, the skin microbiota may 
have physiological implications at distal sites, which were not investigated here. 
Additionally, endogenous host factors, such as sex, age, hair cycle, should be further 
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investigated for their potential to modify cutaneous host-microbe interactions. Finally, our 
study does not differentiate the effects of different species/strains of microbiota on 
transcriptional responses in the skin. Our foundational approach focused on 
transcriptional responses to the whole microbial community colonizing conventionally 
raised SPF mice in comparison to GF mice. Our work provides a framework for further 
investigation into how specific microbial lineages, host genetic variation, disease states, 
and environmental challenges influence microbially-mediated gene expression in the 
skin.  
 
4.6 Methods 
 
4.6.1 Contact for Reagent and Resource Sharing 
 
Further information and requests for resources and reagents should be directed to and 
will be fulfilled by the Lead Contact, Elizabeth A. Grice (egrice@upenn.edu). 
 
4.6.2 Experimental Model and Subject Details 
 
 All mouse experiments were approved by the University of Pennsylvania Institutional 
Animal Care and Use Committee (IACUC). GF and SPF skin was collected from 8-10 
week old, male C57BL/6 mice.  
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4.6.3 Method Details 
 
Gene	Expression	Analysis	Library	Preparation	
 
Skin was collected from the dorsum of 8-10 week old, male C57BL/6 mice and stored in 
RNAlater. Poly-A enriched RNA was isolated from harvested GF (n=9) and SPF (n=7) 
skin and RNA-seq libraries were constructed using the unstranded TruSeq RNA Sample 
Prep Kit (Illumina). Consistent with ENCODE recommendations, libraries were 
sequenced on the Illumina HiSeq 2000 to obtain 100 bp paired-end reads per skin 
sample.  
	
Histology	and	Immunofluorescence	
	
Skin biopsies were collected from the dorsal side of SPF and GF mice, fixed in 10% 
(wt/vol) formalin, embedded in paraffin, and sectioned at 6 µm. Tissues sections were 
stained with hematoxylin and eosin to characterize epidermal thickness or with toluidine 
blue to identify mast cells. For immunofluorescence, sections were deparaffinized with 
xylene and rehydrated in downgraded alcohol. Heat-inactivated antigen retrieval was 
performed by incubating the tissue sections in 10 mM sodium citrate buffer, pH 6.0, and 
subsequently washing the sections with a PBS/0.2% Triton solution. Tissues sections 
were blocked with 10% (vol/vol) normal goat serum for two hours at room temperature. 
After blocking, sections were incubated with a primary antibody. The antibodies that 
were used include anti-mouse Keratin 6A (Biolegend), anti-mouse Loricrin (Biolegend), 
anti-mouse CD3 (Abcam) and anti-mouse Ki67 (Abcam). Following multiple washes, 
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secondary antibodies, goat anti-rabbit IgG-Alexa and goat anti-mouse-Alexa 555 were 
applied for one hour at room temperature and then washed. Slides were mounted with 
prolong DAPI (Molecular Probes) and examined under a fluorescent microscope (Leica 
DM550B). Positive stained cells were counted in five fields per tissue section at 400x 
magnification, three tissue sections per mouse, and three mice per group. 
 
Tissue	processing	and	flow	cytometry	
 
Skin biopsies were collected from the dorsal side of 5 SPF and 5 GF mice. A section of 
skin was harvested from the dorsum of the mice following hair removal with an electric 
trimmer equipped with a two-hole precision blade (Wahl) and treatment with a hair 
removal lotion (Nair). Skin sections were then minced with a sterile scalpel blade into 
~2mm sections, and incubated in 5mL of RPMI containing 12.5mg/mL of Liberase TL 
(Roche) and 100ug/mL of DNAse I (Sigma-Aldrich) for 120 minutes with vortexing every 
30 minutes. The resulting single cell solution was passed through a 40 µm cell strainer 
and resuspended in cRPMI. For analysis of surface markers and intracellular cytokines, 
cells were incubated for 4 h with 10 mg/mL of brefeldin A, 50 ng/mL of PMA and 500 
ng/mL ionomycin (Sigma-Aldrich). Before staining, cells were incubated with anti-mouse 
CD16/CD32 mouse Fc block (eBioscience) and 10% rat-IgG in PBS containing 0.1% 
BSA. Cells were stained for dead cells with LIVE/DEAD Fixable Aqua Dead Cell Stain 
Kit (Molecular Probes) and surface markers (CD4 [eBioscience, clone RM4-5], 
CD8b [BioLegend, clone YTS156.7.7], CD45 [eBioscience, clone 30-F11], TCRγδ [BD 
Biosciences, clone GL3], Ly6G [eBioscience, clone 1A8-Ly6g], Ly6C [BD Biosciences, 
clone AL-21], CD11b [eBioscience, clone M1/70], CD11c [eBiosciences, clone N418], 
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F4/80 [eBioscience, clone BM8]) followed by fixation with 2% of formaldehyde and 
permeablization with 0.2% saponin/PBS. Intracellular cytokine staining was performed 
for pro-IL-1β (eBioscience, clone NJTEN3), IL-17 (eBioscience, clone eBio17B7). The 
data were collected using LSRII flow cytometer (BD) and analyzed using FlowJo 
software (Tree Star). 
 
4.6.4 Quantification and Statistical Analysis 
 
Histology,	Immunofluorescence,	and	Flow	Cytometry	
	
Statistical details regarding the number of mice per experiment, type of test used, and p-
value can be found in the corresponding legends of Figures 2, 3, and S3. 
 
Alignment,	Filtering,	and	Counting	
 
Transcripts were aligned to the mouse reference genome GRCm38.p4 v9 (Mudge and 
Harrow, 2015), using STAR (Dobin et al., 2013) in conjunction with AlignerBoost (Zheng 
and Grice, 2016), and specifying a seed length of 25, 4% seed mismatch, 0% seed 
indels, 8% all mismatch, and 3% all indels. Reads mapping to numbered and sex 
chromosomes were retained. Read counts were generated using featureCount in the 
subread package (Liao et al., 2013) and counts to ribosomal RNA were removed. Reads 
were filtered in NOISeq (Tarazona et al., 2015; 2011) using method 1, which removes 
features with a sum of expression values less than 1 count per million multiplied by the 
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number of samples in the condition. Post filtering, TMM normalization was applied and 
technical batch effects associated with sequencing run were removed using ARSyNseq 
(Nueda et al., 2012). 
 
Weighted	Gene	Correlation	Network	Analysis	
 
Filtered, normalized, batch-effect corrected gene counts were input into the WGCNA R 
package (Langfelder and Horvath, 2008). A signed-hybrid network was constructed 
specifying the following parameters (power = 17, pamRespectsDendro = FALSE, 
minModuleSize = 30, reassignThreshold = 0, mergeCutHeight = 0.25). Gene ontology 
analysis of modules was performed by converting Ensembl gene IDs to Entrez gene IDs 
with biomaRt (Durinck et al., 2009) and using the function “GOenrichmentAnalysis” 
(parameters: organism = "mouse", nBestP = 5, ontologies = c("BP")). 
 
Differential	Gene	Expression	and	Gene	Ontology	Analysis	
 
Differential gene expression was determined using NOISeqBIO (q = 0.9). Gene Ontology 
(GO) (Ashburner et al., 2000) and KEGG pathway (Kanehisa and Goto, 2000) analysis 
were performed using the R package GOSeq (Young et al., 2010) and visualization was 
generated with REVIGO (Supek et al., 2011), allowing medium similarity, using the “Mus 
musculus” database, and the SimRel similarity measure.  
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Differential	Gene	Correlation	and	TFBS	Analysis	
 
Gene correlation analysis was performed on all 2,820 DEGs with the DGCA R package, 
using default parameters unless otherwise specified (McKenzie et al., 2016). Initially, 
genes were filtered for low central tendency, retaining only genes with average 
expression levels in the 75th percentile or above in all tested genes. Genes were further 
filtered for dispersion, retaining only genes with moderate to high dispersion of 
expression values (above the 30th percentile). The differential correlation analysis was 
performed on all possible pairs using Pearson’s correlation coefficient. Significance was 
determined through empirical p-values derived from Z-scores obtained in comparing the 
correlation values of the original expression data with correlation values of permuted 
expression data; 10 permutations were performed. Only genes with positive correlations 
in both colonization states were further considered. Prediction of over-represented 
transcription factor binding sites in the positive/positive correlated genes was performed 
using single site analysis with default parameters in oPOSSUM3 (Kwon et al., 2012). 
Significance was assessed using Fisher scores (significant when > 1 standard deviation 
above the mean) and Z-scores (significant when > 2 standard deviations above the 
mean). Differences in the relative significance levels between the two scoring methods 
result from the different parameters and sample distributions used to calculate each 
score. Additionally, Z-scores consider the total number of TFBS in a gene set, while 
Fisher scores only consider the number of genes in a set containing at least one TFBS.  
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Comparisons	to	Previously	Published	Datasets	
 
Significantly differentially expressed genes with at least a two fold change in expression 
from gut microbiome (Morgun et al., 2015), psoriasis (Li et al., 2014), and atopic 
dermatitis (Suárez-Fariñas et al., 2015) transcriptome datasets were downloaded from 
published supplementary data and imported into R. Human gene symbols and IDs were 
converted to mouse gene symbols/IDs using the biomaRt package (Durinck et al., 2009; 
2005). In the psoriasis dataset, log fold changes were recalculated, adding a small 
constant to the numerator and denominator to prevent infinite values for visualization. 
 
4.6.5 Data and Software Availability 
 
Raw and processed data files are available under GSE98877 super-series in the Gene 
Expression Omnibus (GEO) data repository. Intermediate files and analysis scripts are 
archived at Figshare and available at doi:10.6084/m9.figshare.5047069.  
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Fig 1: Gene expression profiles differ between SPF and GF skin 
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Fig 1 continued: (A) Dorsum skin collected from GF and SPF mice was subject to 
polyA enriched RNA sequencing to identify transcriptional modulation by skin microbial 
communities. (B) NMDS plot based on filtered, normalized, batch-effect corrected read 
counts from each sample, showing that samples cluster together by condition. Blue 
triangles indicate SPF samples and pink squares indicate GF samples. (C) Volcano plot 
highlighting differentially expressed genes. Each dot represents a gene. Gray dots 
indicate DEGs. Pink dots indicate DEGs with at least two-fold enrichment in GF mice, 
while blue dots indicate DEGs with at least two-fold enrichment in SPF mice. The x-axis 
is the log fold change in normalized gene expression and the y-axis depicts the log10 
absolute value of the difference in expression between the two conditions. (D) Bar plot 
indicating WGCNA gene modules to which the 730 DEGs with a two fold difference 
belong. 
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Fig 2: Gene ontology analysis identifies immune response terms enriched in 
DEGs 
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Fig 2 continued: (A) REVIGO treemap showing cluster representatives of Biological 
Process GO terms that are significantly enriched in the DEGs (FDR corrected p-value < 
0.05). Larger boxes indicate greater significance, as the box sizes are determined by the 
absolute value of the log10 p-value. (B) Barplot depicting the number of DEGs in each of 
the high-level significant Biological Process GO terms from part A. (C) Heatmap of the 
log normalized gene expression of DEGs in the GO term “Innate Immune Response”. 
(D) Flow cytometry analysis of GF and SPF mice (n=5 each) identified no significant 
differences between GF and SPF skin in regards to of myeloid (CD11b+) cells, dendritic 
(CD11c+) cells, macrophages (F4-80+), neutrophils (Ly6G+), non-hematopoietic (CD45-) 
cells, and T cells (CD3+). However, Ly6C+ monocytes were significantly increased in 
frequency in SPF compared to GF skin (T-test, p value < 0.01).  
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Fig 3: Genes in the epidermal differentiation complex (EDC) are under microbial 
regulation  
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Fig 3 continued: (A) The mean relative expression of genes found in the EDC in SPF 
compared to GF mice. A value of 1 indicates equal expression in the two groups. Colors 
of the bars indicate DEGs and error bars represent propagated standard error of the 
ratio SPF/GF. EDC genes are functionally grouped into S100 (I, V), Filaggrin-like (II), 
Late Cornified Envelope (III) and Small Proline Rich Region (IV) families as previously 
described [30]. (B) Boxplot of normalized gene expression of differentially expressed 
transcription factors and regulators critical to skin developmental processes. (C-F) 
Histology and immunofluorescence staining of SPF and GF skin sections.  Dotted line 
inset boxes indicate the area that is magnified in the figure to orient the reader. White 
arrowheads are examples of positive cells. Significance testing was performed on an 
aggregate of three experiments with 3 GF and 3 SPF mice each. An asterick indicates a 
p value < 0.05 by T-test. Scale bars represent 50 µm. (C) Hematoxylin and eosin 
staining and epidermal thickness measurements. (D) Cytokeratin 6A (K6A) staining. (E) 
Ki67 staining for proliferating cells. (F) Loricrin staining as a marker of differentiation.  
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Fig 4: DGCA analysis identified significantly correlated DEGs that share potential 
transcription factor binding sites 
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Fig 4 continued: (A) Matrix highlighting the number of significantly correlated gene 
pairs from the filtered list of DEGs. Each axis represents a condition (GF or SPF), with + 
indicating a significant positive correlation between the gene pair, - indicating a 
significant negative correlation, and 0 indicating the lack of a significant correlation. 
Gene pairs that are positively correlated in both SPF and GF skin are highlighted in the 
uppermost left corner. (B) The Loricrin and Serpina12 gene pair is positively correlated 
in both colonization conditions, but a significant loss of correlation is observed in SPF 
compared to GF skin (q < 0.05). The x-and y- axes indicate the normalized expression of 
the two genes and each dot represents a single mouse, colored by their microbial 
condition. Colored lines and shaded areas represent the linear regression lines and their 
respective 95% confidence interval for each microbial condition. (C) Analysis with 
oppossum3 identified enriched transcription factors in positively correlated DGCA gene 
sets, using Fisher scores to assess significance. The y-axis identifies significant 
transcription factors, while the x-axis represents the significance metric. Higher values 
indicate greater significance and the shape indicates whether the metric score was 1 or 
2 standard deviations (SD) above the mean. Fisher scores are significant when greater 
than 1 SD above the mean. Size of each point reflects the percentage of all DGCA +/+ 
DEGs containing a binding region for each TF and color indicates colonization status of 
the DGCA +/+ DEGs. 
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Fig 5: Comparison to published gut transcriptome dataset identifies shared DEGs 
under microbial regulation 
(A) Venn diagrams highlighting 55 DEGs shared between skin and gut [15] that are 
regulated by the microbiota. The center square identifies the total number of shared 
DEGs between the skin (x-axis) and gut (y-axis) datasets in each colonization category. 
The venn diagrams highlight DEGs up regulated in the presence (blue, top) and absence 
(pink, bottom) of microbiota, respectively, and whether these genes were differentially 
regulated in the gut in response to microbial colonization (M), colonization of antibiotic 
resistant microbes (ABresM) or direct effects of antibiotics on host tissue (ABx). (B) 
Heatmap showing log2 fold change of DEGs shared between the gut and skin datasets. 
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Fig 6: DEGs under microbial regulation are shared in psoriasis and atopic 
dermatitis (AD) 
Heatmap showing log2 fold changes of the 31 DEGs found in the atopic dermatitis (AD) 
[43] and psoriasis [44] transcriptome datasets that were also found to be under microbial 
regulation in the present study. 
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Fig S1: Quality control of RNA-sequencing data 
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Fig S1 continued: (A) Mean quality score per base for each of the 16 samples. (B) 
Number of reads mapping to the mouse reference genome for each sample. (C) Relative 
abundance of reads mapping to each biotype. (D) Percentage of the genome covered by 
mapped reads per sample. 
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Fig S2: WGCNA identifies cutaneous gene modules 
(A) Hierarchical clustering of samples prior to network generation (B) Thresholding 
analysis, showing scale-free properties of the network with a chosen soft threshold 
power of 17. Yellow line indicates an R2 value of 0.8, orange of 0.85 and red of 0.9. (C) 
WGCNA cluster dendrogram of genes in our dataset, with the module membership 
highlighted below the dendrogram. Gray indicates genes not belonging to any of the 
determined modules. Dendrogram represents hierarchical clustering of eigengene 
modules in relation to each other and colonization condition. (D) Correlation of each 
module to metadata. For each comparison, the rho value is provided above the p-value 
in parentheses. No modules are significantly correlated with sequencing run. The color 
of each box in the “Colonization Condition” column indicates the strength of the positive 
correlation with SPF (blue) or GF (pink) states.  
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Fig S3: Analysis of skin immune cell populations supports gene expression 
findings  
(A) Toluidine blue staining for mast cells. (B) Immunofluorescence staining of CD3, a 
pan-T cell marker. Significance testing was performed on an aggregate of three 
experiments with n=3 GF and SPF mice each. (C) Flow cytometry analysis of GF and 
SPF (n=5 each) of IL-1α and IL-1β production by cell subset. Comparisons that are 
significantly different with a p-value < 0.05 are denoted with an asterisk and those with a 
p-value < 0.01 with two asterisks. (D) Bar plots showing normalized gene expression 
values for IL-1α and IL-1β. Lines depict standard error and padj represents the FDR 
corrected p-value (1-prob) calculated by NOISeqBio. 
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Fig S4: DGCA analysis identified significantly correlated DEGs that share potential 
transcription factor binding sites 
Analysis with oppossum3 identified enriched transcription factors in positively correlated 
DGCA gene sets, using Z-scores to assess significance. The y-axis identifies significant 
transcription factors, while x-axis represents the significance metric, with higher values 
indicating greater significance, and the shape indicating whether the metric score was 1 
or 2 standard deviations (SD) above the mean. Z-scores are significant when greater 
than 2 SD above the mean. Size of each point reflects the percentage of all DGCA +/+ 
DEGs containing a binding region for each TF and color indicates colonization status of 
the DGCA +/+ DEGs. 
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Fig S5: Comparison to psoriasis transcriptome reveals shared DEGs 
Heatmap of the log2 fold change of DEGs uniquely shared in our dataset and a 
previously published psoriasis dataset [44].  
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Fig S6: Comparison to atopic dermatitis transcriptome reveals shared DEGs 
Heatmap of the log2 fold change of DEGs uniquely shared in our dataset and a 
previously published atopic dermatitis dataset [43]. 
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4.9 Supplementary Tables and Datasets 
 
The following supplementary tables and datasets are available online. 
 
Table S1: Sample summary statistics 
Rows contain the 16 samples analyzed; with columns containing associated sequencing 
statistics and metadata. 
 
Table S2: WGCNA gene module characterization 
Top 5 significantly enriched Biological Process gene ontology terms (Bonferroni P < 
0.05) associated with each WGCNA module. 
 
Dataset S1: Results from differential expression analysis 
Rows contain the 15,448 features analyzed. Columns contain Ensembl feature id, mean 
expression of GF samples, mean expression of SPF samples, the NOISeq differential 
expression statistic theta, the probability of differential expression (equal to 1-FDR 
corrected p-value when using NOISeqBio, DEGs defined as those with prob > 0.9), the 
log2 fold change in expression (up regulated in GF > 0, down regulated in GF < 0), 
feature length, chromosome, feature start and end coordinates, feature biotype, and 
feature symbol. 
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Dataset S2: Results from WGCNA analysis 
Rows contain the features within each WGCNA module. Columns contain Ensembl 
feature id, gene symbol, module color membership, gene significance (GS) for 
colonization condition (defined as the absolute value of the correlation between the 
feature and metadata) and associated p-value, and module membership (MM) for each 
module (defined as the correlation of the module eigengene and the gene expression 
profile) and associated p-value, the Entrez gene ID used for gene ontology analysis, and 
the differential gene expression status. 
 
Dataset S3: Results from gene ontology analysis 
Each worksheet contains differential expression analysis results for features in the 
mentioned gene ontology categories. Blue and orange cells indicate significant DEGs 
with and without a two fold change difference in expression, respectively. 
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CHAPTER 5 - CONCLUSIONS AND FUTURE DIRECTIONS 
 
5.1 Conclusions 
	
Collectively, this work presents novel insights into the structural and functional dynamics 
of the skin microbiome and their impact on the host. First, we established optimized 
protocols for characterizing resident skin microbes. Shotgun metagenomic sequencing 
methods proved most accurate, but sequencing of the V1-V3 hyper-variable region of 
the 16S ribosomal RNA (rRNA) gene is a suitable, cost-effective alternative for studies 
seeking basic taxonomic profiling and/or biomarker detection. Next, we utilized whole 
metagenomic shotgun sequencing to identify the compositional, metabolic, and temporal 
stability of the healthy skin microbiota. Importantly, this study uniquely integrated whole 
metagenome and virome samples from the same subjects to highlight interactions 
between skin phages and their bacterial hosts across body sites. Finally, we used 
genome-wide approaches to show that commensal microbes regulate the cutaneous 
gene expression of their hosts and contribute to skin immunity and epidermis barrier 
function. The aforementioned findings represent a significant advancement in our 
understanding of the resident microbiota and their multi-kingdom interactions on our 
skin. 
 
5.2 Future Directions 
 
In Chapter 2, we present compelling evidence that using standard primers to target the 
V4 hyper-variable region is not ideal for characterization of skin microorganisms. This is 
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mostly due to the underrepresentation of Propionibacterium acnes, which is purportedly 
caused by a single nucleotide difference in the primer and the annealing site of the P. 
acnes genome (Nelson et al., 2014). Improved primer design could allow us to utilize the 
V4 region in future cutaneous studies and although other groups have suggested 
alternative primer pairs (Walters et al., 2016), we must be careful to make sure that any 
modifications do not inhibit our ability to detect other common skin commensals. 
Therefore, any proposed changes to standard primer schemes should be carefully 
benchmarked against mock communities containing microbes that are most relevant to 
the skin.  
 
Additional exploration should also focus on the computational techniques used to 
analyze microbiome data. Currently, sequencing reads are grouped into operational 
taxonomic units (OTUs) of 97% similarity and a representative sequence is chosen for 
each cluster to reduce the computational burden of downstream analyses. Although this 
clustering ultimately determines study results, the overall number and composition of 
assigned OTUs varies significantly by method (Schmidt et al., 2015). Improvements in 
sequencing technologies, assembly and binning algorithms, and computational costs will 
help the field standardize some of these approaches.  
 
It is interesting to note that sequencing of the V1-V3 and V4 hyper-variable regions 
provided significantly different taxonomic profiles, but relatively similar functional profiles. 
This is not completely surprising, as the HMP found that different body niches harbored 
diverse microbiota but relatively stable metabolic pathways (Human Microbiome Project, 
2012). Several factors could contribute to the observed functional agreement across 
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sequencing methods. First, it is possible that the genes contained by the common skin 
commensals share similar functions. Furthermore, the similarity could be due to poor 
characterization and/or representation of skin species in the reference databases. 
Improved gene detection and annotation methods leading to the generation of more 
robust references will help improve these types of analyses. 
 
The shotgun sequencing analysis in Chapter 3 confirmed previous findings that 
biogeography is a strong driver of skin microbiome community composition and function. 
Our parallel analysis of whole metagenome and virome samples from the same subjects 
highlighted phage-bacteria interactions via analysis of clustered, regularly interspaced, 
short palindromic repeats (CRISPRs) a form of bacterial immunity against phage 
predators, and showed that phage-host dynamics may cross multiple anatomical skin 
sites. Future studies should use more in-depth approaches to characterize the 
nucleotide variation of these CRISPR spacers between individuals and over time to 
more fully understand the significance of phage-bacteria interactions on the skin and 
their implications for health and disease states.   
 
In comparison to amplicon-based methods, whole shotgun metagenomic sequencing 
generates robust datasets that allow for deeper analyses of microbial function. One such 
analysis involves mining for biosynthetic gene clusters (BGCs) that encode pathways to 
produce secondary metabolites. While some microbial natural products have been 
developed as antibiotics and other important drugs (Newman and Cragg, 2012), the vast 
majority have unknown function. Because BGCs are relatively small and contain 
physically adjacent genes, it is possible to computationally search for their presence in 
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whole genome reference sequences (Blin et al., 2017) and metagenomic samples. 
Donia et al. (2014) queried the Human Microbiome Project metagenomic data and 
identified 3,118 biosynthetic gene clusters. They further validated one cluster in 
Lactobacillus gasseri from vaginal samples that produces a novel antibiotic. We are 
currently mining our own dataset to identify BGCs that may be specific to the skin 
microbiome and characterizing the metabolites they produce. 
 
A limitation to DNA based approaches is that they do not allow for examination of the 
activity levels of each species and cannot discriminate between live and dead cells. 
Recent computational techniques utilize bacterial origin of replication sites to estimate 
bacterial growth dynamics (Brown et al., 2016; Korem et al., 2015) and have shown that 
replication rates of the same bacterial population significantly varies across multiple 
body sites, with overall faster rates observed in the mouth and skin compared to the gut 
(Olm et al., 2017). Longitudinal studies of replication rates of the same taxa across 
different skin microenvironments or in different disease states would provide valuable 
insight into cutaneous community dynamics. 
 
Our study of germ-free and conventionally raised mice in Chapter 4 suggests that skin 
microbial communities mediate host cutaneous gene expression. We confirmed the role 
of the microbiome in priming the immune response, but also identified a novel interaction 
between microbiota and the epidermal differentiation complex (EDC). The enrichment of 
differentially expressed genes in this syntenic region suggests interplay between the 
microbiome and epigenome or other regulatory mechanisms, which we are currently 
investigating via integration of multiple genomic techniques. In-depth assessment of skin 
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barrier function, via measurements such as transepidermal water loss (TEWL), in germ-
free compared to specific pathogen free mice will also provide valuable insight into the 
role of microbes in skin development and differentiation. 
 
While we observed separation between the germ-free and specific pathogen free mice 
(Chapter 4, Figure 1B), it is interesting to note the large variation between germ-free 
samples. We tried to minimize sample variation within colonization groups by using age 
and sex-matched mice, but are unable to account for all host and environmental factors. 
Larger sample sizes are one way to potentially minimize within-group differences, 
maximize the separation between biological conditions, and generate more robust gene 
correlation networks. 
 
There are many additional extensions to this study that will further our insight into 
transcriptional modulation of cutaneous gene expression by the skin microbiota. First, 
while this initial analysis used whole skin samples, examination of keratinocytes only 
would allow us to determine how much of this response is driven by the cells in direct 
contact with the resident microbes. Collection of microbiome samples at time of skin 
collection will also allow us to investigate whether different commensal community types 
contribute to gene expression patterns. It is not possible to separate the effects of gut 
microbiota from skin microbiota, however collection of fecal samples in concert with the 
swab samples might provide further understanding of the connection between the two 
systems. 
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Additionally, temporal studies should be used to investigate how long it takes to 
establish stable colonization of bacterial communities on a mouse and how host 
responses to microbial populations change over time. We used specific pathogen free, 
conventionally raised mice as a model of long-term colonization, but conventionalized 
mice, which are born germ-free and are subsequently exposed to microbiota, can 
provide insight into short-term colonization. The time frame for colonizing mouse skin is 
currently unknown, and so collection at staggered time points post conventionalization 
will be important. Analysis of microbiome swabs will also provide insight into how 
efficiently different microbes colonize the mice. Another interesting comparison would be 
adding groups of mice that were treated with topical or systemic antibiotics, to further 
validate genes that are directly regulated by the microbiota and are not related to the 
fitness effects of being raised in a sterile environment. 
 
It is currently unclear what constitutes a beneficial or harmful bacterial population, or 
how the host distinguishes between the two. Genomic content and production of 
virulence and pathogenicity factors varies greatly depending on the strain of microbe. 
For example, the pathogenic Staphylococcus aureus contains many more virulence 
factors than the closely related commensal Staphylococcus epidermidis. Mono-
colonization studies will allow us to examine differences in host response when exposed 
to a beneficial commensal bacterium versus a threatening pathogen. It will be important 
to test both human skin commensals, such as Staphylococcus epidermidis and 
Staphylococcus aureus, as well as mouse-endogenous bacteria, such as 
Staphylococcus saprophyticus and Staphylococcus xylosus. 
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Finally, the effect of the underlying genetic background of the mice on our gene 
expression analysis should be further investigated. Our study uses C57BL/6 mice, and 
while we expect to observe the same high-level gene expression changes in host 
immune response and epidermal barrier function across various genetic backgrounds, it 
would be interesting to investigate which distinct genes or pathways differ. For instance, 
do hairless mice respond differently to microbial colonization than traditional haired mice 
and what genes contribute to these expression changes? 
 
This body of work expands upon our knowledge of microbial communities on healthy 
skin, but many unanswered questions remain. Rapid advances in sequencing 
technologies and decreasing costs will continue to drive the microbiome field forward. 
However, well-designed sample collection and experiments, new computational 
approaches, and functional validation studies will be required to fully utilize the 
prognostic and therapeutic potential of the skin microbiome. 
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